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PREFACE

In FY2000, the Public Health Service Act was amended to establish a
Children’s Hospital Graduate Medical Education (CHGME) program to
support graduate medical education in children’s hospitals. The Health
Resources and Services Administration (HRSA) in the Department of Health
and Human Services administers the program.

The CHGME program provides funding for both the direct and indirect
medical education costs associated with operating approved GME programs.
Funding for the indirect medical education costs is based on the
indirect expenses associated with the treatment of more severely ill
patients and the additional patient care costs related to residency
training programs. HRSA elected to use the current Medicare formula for
hospital inpatient operating costs to establish the initial amounts
allocated to each eligible children’s teaching hospital for indirect
medical education costs. A hospital’s allocation is a function of its
discharges, case mix index, ratio of residents-to-beds and the average
hourly wages in the geographic area in which the hospital is located.

HRSA asked RAND to undertake a number of activities related to
implementation of the CHGME program. This HRSA-sponsored study reports
on our analysis of issues related to estimating indirect medical
education costs specific to pediatric discharges. It uses multivariate
regression analysis to investigate the effect of residency training
programs on pediatric costs per discharge using different measures of
teaching intensity, including residents-to-beds and residents-to-average
daily census. The study uses the coefficients from regressions to
establish potential allocation formulae for indirect medical education

funds that could be used by the CHGME program in lieu of the Medicare

formula.
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SUMMARY

PURPOSE

Public Law No. 106-129 amended the Public Health Service Act to
establish a new Children’s Hospital Graduate Medical Education (CHGME)
program to support graduate medical education (GME) in children’s
hospitals. The provision authorizes payments for both the direct (DGME)
and indirect medical education (IME) costs associated with operating
approved GME programs.

With respect to the IME funds, the statute requires the Secretary
to determine an amount based on the indirect expenses associated with
the treatment of more severely ill patients and the additional patient
care costs related to residency training programs. The Health Resources
and Services Administration (HRSA) has elected to use the current
Medicare formula for hospital inpatient operating costs to establish the
IME allocation factor for the CHGME program. A hospital’s allocation is
a function of its discharges, case mix index, ratio of residents-to-beds
and the average hourly wages in the geographic area in which the
hospital is located. A hospital’s IME factor increases 6.5 percent for
each .10 increment in its ratio of residents-to-beds.

This report explores issues related to estimating IME costs
specific to pediatric discharges. It uses multivariate regression
analysis to investigate the effect of residency training programs on
pediatric costs per discharge using different measures of teaching
intensity, including residents-to-beds and residents-to-average daily
census. The study uses the coefficients from regressions to establish
potential IME allocation formulae that could be used by the CHGME
program and to estimate the aggregate IME costs of children’s teaching

hospitals.

ORGANIZATION OF REPORT AND SUMMARY OF FINDINGS
Section 1 of this report provides an overview of the CHGME
provisions related to IME funds. It establishes a policy framework for

viewing IME funding as a mechanism for “leveling the playing field” for



children’s teaching hospitals so that they can compete more effectively
with other hospitals for pediatric patients. The Medicare program’s IME
adjustments to its prospective payments for inpatient hospital services
can be used as prototypes for determining potential IME allocation
factors for the CHGME program. The IME effect on a hospital’s average
cost per pediatric discharge can be determined through multivariate
regression analysis. The regressions can be “fully-specified”(i.e.,
include a full set of independent variables that explain the variation
in average costs for pediatric discharges across hospitals) or they can
be “payer” regressions that include a more limited set of independent
variables. A payer regression includes as independent variables only
those factors that third-party payers are likely to recognize in
purchasing pediatric inpatient care, such as case mix and geographic
differences in wage levels. Key policy issues that need to be addressed
in performing the multivariate analyses are:

e Whether the dependent variable should be the average cost per
pediatric stay in all community hospitals or only in
children’s hospitals; and,

e Which factors in addition to a teaching intensity measure
should be included as independent variables.

Section 2 provides information on the data sources and methods we
use to examine potential IME allocation factors. We draw on data from
several sources to develop our analysis file. The most important sources
are 100% claims data from 11 states participating in the Hospital Cost
and Utilization Project and Medicare cost reports for these hospitals.
The states are: Arizona, California, Colorado, Florida, Iowa, Maryland,
Massachusetts, New York, Oregon, Washington, and Wisconsin. They account
for about 36 percent of total pediatric discharges and include several
states with children’s teaching hospitals. We link the claims data and
cost report data for the hospitals in our analysis file and combine the
data in several ways:

e For each hospital in the analysis file, we estimate the cost
for each pediatric discharge, its average cost per pediatric
discharge by HCFA DRG, and its average cost for all pediatric

discharges.
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e We construct a set of DRG relative weights based on the costs
of pediatric discharges in our analysis file. We use
Medicare payment parameters for the hospital wage index, IME
and serving low-income patients to standardize each
hospital’s costs for factors that have a systematic effect on
costs per discharge. A DRG’s relative weight is based on the
ratio of the average standardized cost per pediatric
discharge in that DRG across all hospitals to the average
standardized cost for all pediatric discharges across all
hospitals.

e We construct two case mix indices for each hospital: a HCFA
CMI based on the HCFA version 16 relative weights (derived
from Medicare costs per discharge) and a “Pediatric CMI”
based on the relative weights derived from the standardized
costs for pediatric discharges.

Our primary analysis tool in investigating IME costs per discharge
for pediatric patients is multivariate regressions using each hospital’s
average cost per pediatric discharge as the dependent variable. We
investigate the impact of using different measures of teaching intensity
and case mix as independent variables. The teaching intensity measures
include the two utilized by the Medicare program (ratio of residents-to
beds and ratio of residents-to-average daily census) as well as two
measures that provide greater weight to outpatient care. The latter are
the number of full-time equivalent (FTE) residents and the ratio of
residents to an average daily census adjusted for outpatient services.
We also examine the impact that the inclusion or exclusion of other
variables has on the teaching intensity coefficient. In this regard, we
focus in the payer regressions on factors that are treated differently
by HCFA and the Medicare Payment Advisory Commission (MedPAC) in
estimating the Medicare IME adjustment. These variables account for the
hospital’s volume of “outlier” or high cost cases and its proportion of
low-income patients.

We use the coefficients from the payer regressions to establish
potential IME allocation factors. Using these factors and available

information on children’s teaching hospitals, we model how IME funds
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would be allocated by the CHGME using the IME allocation factors derived
from the regressions and compare the results to the allocations using
the Medicare formulae. Our ability to model the effects of potential
allocation factors is limited by available data for children’s teaching
hospitals to those using HCFA v.16 relative weights. We also use the
regression coefficients to estimate aggregate IME costs for children’s
teaching hospitals.

We present our results in Section 3. Key findings include the
following:

e In fully specified regressions that include a full set of
explanatory variables, the teaching variable is a significant
factor in explaining differences in costs per discharge for
pediatric patients. In discharge-weighted regressions, cost
per discharge increases 2.1 percent for each .10 increment in
the ratio of residents-to-average daily census.

e The inclusion or exclusion of other explanatory variables
affects the size of the teaching coefficient. In particular,
the variable for outlier cases (defined as atypical cases
with long lengths of stay) has a strong influence on the
teaching coefficient. When outlier cases are included in a
payer regression, cost per case increases 4.13 percent for
each .10 increment in the residents-to-average daily census
ratio. When outlier cases are excluded, cost per case
increases 7.47 percent for each .10 increment in the ratio.

e The regression results indicate that improvements in the case
mix index would improve the teaching estimates. When the
pediatric CMI is substituted for the HCFA CMI in the fully
specified regressions, the significance of CMI increases
while the coefficients for both the teaching and outlier
variables decrease significantly.

e The choices between using residents-to-beds or residents-to-
average daily census as the measure of teaching intensity and
between using different forms of these measures (e.g., logged
or non-logged) do not produce marked differences in the size

of the teaching estimate. The teaching effect on cost per
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discharge is lower when the number of residents is used as
the teaching measure and higher when the ratio of residents-
to-average daily census is adjusted for outpatient volume.

e The choice of teaching measure affects the distribution of
IME funds across children’s teaching hospitals. Using the
Medicare formula as the baseline, the largest redistribution
occurs when the allocations are based on the number of
residents only. Whether these redistributions would be
appropriate depends on the policy objectives for the CHGME
fund.

e The estimate of total IME costs at children’s teaching
hospitals for inpatient services only is dependent on the
other factors included in the estimate. For inpatient
services only, total IME costs are an estimated $830 million
using either residents-to-average daily census or residents-
to-beds as the teaching measure and controlling for case mix
and geographic wage differences only. This compares to $620
million using the Medicare payment parameters. The higher
teaching estimate may result from the shortcomings in the
ability of the HCFA DRGs and relative weights to account for
severity differences in pediatric inpatient stays.

We discuss the major findings and our conclusions in Section 4. We
believe the study results indicate that the Medicare IME formula is a
reasonable basis for allocating IME funds under the CHGME program. For
the most part, the allocations are similar to those based on pediatric
costs per case using either residents-to-beds or residents-to-average
daily census as the teaching measure. Nevertheless, there are aspects of
the methodology that warrant further investigation. In particular,
refinements in case mix measurement could improve the estimates of IME
costs and how the IME funds are allocated across children’s teaching
hospitals. Data became available as this study was nearing completion
that would permit an analysis of whether more refined DRG classification
systems such as APR-DRGs would have a significant impact on the
allocation of IME funds. This data could also be used to examine the

issue of how including an outlier variable would affect the allocations.
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Another area that warrants additional attention concerns outpatient
services. The simulation results indicate that switching to a teaching
measure that takes outpatient volume into account could involve
significant redistributions for some children’s teaching hospitals. The
adjustment that we investigated for outpatient volume assumes the IME
effect on outpatient services is comparable to the effect on inpatient
services. This is an empirical question that would benefit from further
analysis. However, the lack of consistent measures of outpatient volume

and case mix will make it difficult to explore this issue.
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1. OVERVIEW OF INDIRECT MEDICAL EDUCATION FUNDING

The legislation authorizing the CHGME fund provides for an IME
payment based on the indirect expenses associated with the treatment of
more severely ill patients and the additional costs related to residency
training programs. In determining the appropriate payment amount, the
Secretary is to take into account:

e The variation in case mix among children’s hospitals; and,

e The number of full-time equivalent (FTE) residents in
approved training programs at each eligible children’s
teaching hospital.

The initial legislation authorized the following amounts for the
CHGME fund:

e IME: $190 million in FY2000 and again in FY2001
e DGME: $90 million in FY 2000 and $95 million in FY2001

The total FY2000 appropriation for both DGME and IME was $40
million, considerably less than the authorized amounts. HRSA allocated
2/3 of this amount for IME funding and used the Medicare IME formula for
hospital operating costs to establish each children’s hospital’s share
of the IME funds. In FY2001, the total appropriation for the CHGME fund
increased to $235 million. HRSA used the same methodology with minor
modifications to allocate the FY2001 funds (DHHS, 2001b).

In the subsections that follow, we discuss the conceptual framework
for funding IME costs in children’s teaching hospitals, review case mix
measurement systems that could be used to account for differences in the
types of patients treated by children’'s teaching hospitals, and
highlight policy issues that should be considered in allocating IME

funds to children’s teaching hospitals.

CONCEPTUAL FRAMEWORK FOR FUNDING IME COSTS

The IME funds compensate eligible children’s hospitals for higher
indirect expenses associated with residency training programs. The IME
costs are systematically higher costs associated with teaching activity

that cannot be accounted for by other factors, including patient



severity that is not measured by the patient classification system and
case mix index (i.e., within DRG severity).! These higher costs are
generally associated with treating a patient population with more
complex needs than non-teaching hospitals and with more resource-
intensive treatment patterns when residents are involved in the care of
patients (e.g., more diagnostic tests) (Anderson and Lave, 1986; Thorpe,
1988; Sheingold, 1990; Dalton, Norton and Kilpatrick, 2001; COGME,
2001) . Since teaching hospitals tend to have higher costs per case
relative to other hospitals in the same area with comparable case mix,
they may not be able to compete successfully for patients if they need
to price their services to cover the higher costs associated with the
teaching program (Commonwealth, 1997; Mechanic, Coleman and Dobson,
1998; COGME, 2001). In contrast to general community hospitals,
children’s teaching hospitals receive little or no support from Medicare
for graduate medical education. Paying for the indirect expenses for
teaching activities through the CHGME fund “levels the playing field”
and allows children’s teaching hospitals to price their services more
competitively (DHHS, 2001a).

For the CHGME fund, the basic policy questions are: 1) the level of
funding that should be provided for IME costs through the CHGME program
and 2) how the IME funds should be distributed among the children’s
teaching hospitals. Multivariate regression analyses that examine the
relationship between teaching intensity and other factors on patient
care costs can inform both policy questions. With regard to the first
question, the regression results can be used to estimate aggregate IME
costs across children’s teaching hospitals and to support the decision
regarding how available CHME funds are divided between DGME and IME
support. Full funding of IME costs through the CHGME program is not
needed to “level the playing field.” To differing degrees, children’s
teaching hospitals are able to compete on quality as well as price and

they receive support for IME costs through other sources, such as the

1 As explained in greater detail below, a patient classification
system (e.g., diagnosis-related groups) is used to measure the resource
intensity of stays across classes of patients and to compare the mix of
patients treated by different hospitals. The case mix index measures the
hospital’s average resource intensity for inpatient stays.



Medicaid program and other payers, philanthropy and endowment funds.
Thus, the determination of the appropriate level of support rests on
policy considerations informed by empirical analyses. This study is
limited to estimating total IME costs for children’s teaching hospitals
and does not address directly the question of the appropriate level of
support.

With regard to the allocation of IME funds, the regression results
that are used to estimate total IME costs can also be used to develop
potential formulae for allocating IME funds among eligible children’s
teaching hospitals. However, the results are highly dependent on how the
regressions are specified and the choice among technically correct
specifications rests on policy considerations. These considerations
include the precedence of the Medicare program, an assessment of which
cost factors should be supported through IME funding, and whether to

include outpatient services in the allocation formula.

MEDICARE IME ADJUSTMENT
Medicare’s prospective payment system for hospital inpatient

services has separate standard payment rates for operating and capital-

related costs. An adjustment is made to the standard payment rates for

the indirect costs associated with teaching activities. 2 The

adjustments for operating costs and capital-related costs are different:

e The IME adjustment to the standard payment for operating

costs is established by statute and exceeds an analytically
justified level. The current adjustment formula increases
payment approximately 6.5 percent for each .10-point increase
in the ratio of residents-to-beds.3® This formula is also

used by the Department of Defense to adjust TRICARE payments

2 The standard payment rates are the wage-adjusted DRG payment
rates before adjustment for IME, for serving a disproportionate share of
low-income patients (DSH), and high-cost outlier cases.

3 The original estimate was 4.05 and was doubled when PPS was
implemented. Over time, the factor has been reduced from 2.0
(1+resident-to-bed ratio”’” -1) to 1.86 (l+resident-to-bed ratio*” -1),
or 6.5 percent. Under the Benefits Improvement and Protection Act of
2000 (P.L. 106-554), the multiplier will be reduced to 1.35 in FY2003
and thereafter, resulting in a 5.5 percent adjustment.

05



to children’s teaching hospitals following its general use of
Medicare facility-level payment parameters.

e The IME adjustment to the prospective payment for capital-
related costs was established administratively in FY1992
based an analysis of the effect of teaching on total
(operating and capital) costs per case (HCFA, 1991). The
adjustment formula increases payment approximately 2.8
percentage points for every .10 increment in the hospital’s
ratio of residents-to-average daily census (i.e., the average
number of inpatients per day in the hospital).

The Medicare Payment Advisory Commission (MedPAC) recently re-
estimated the indirect teaching effect on total inpatient costs per case
at 3.1 percent for each .10-point increment in the ratio of residents-
to-beds.? Medicare does not make an IME adjustment in its payments to
teaching hospitals for outpatient services because HCFA found the

teaching effect on outpatient facility costs was small (DHHS, 1998).

DETERMINING THE IME FORMULA

Traditionally, the indirect expenses associated with teaching
activity are estimated through multivariate regression analysis. For
inpatient hospital services, the dependent variable is cost per
discharge (exclusive of DGME costs) at a particular hospital and the
independent variables are factors that explain costs, such as the case

mix and the wage index. The general specification is that:

c = f (CMI, WI, X), where:

C = average cost per case at the facility

CMI = the case mix index for the facility

WI = the wage index for the geographic area, and

X = a vector of additional explanatory variables that affect

a hospital’s costs per case, such as its teaching activities, proportion

of low-income patients, number of beds, etc.

4personal communication with Craig Lisk, MedPAC staff. The
Commission’s estimate for operating costs only is 3.2 percent per 10
percentage point increment in teaching intensity ( MedPAC, 2000).



“Fully specified” regressions include a number of independent
variables that explain the variation in average cost per discharge
across hospitals. These include variables related to the hospital’s
geographic location, its size and infrastructure, and the
characteristics of its patient population. These regressions are used to
understand the factors that have an effect on costs per discharge.
“Payer” regressions include a more limited set of independent variables,
namely, those factors that are likely to be recognized by third-party
payers in purchasing hospital care. Payer regression models have been
used to estimate the Medicare IME adjustment. While some regression
equations may provide a better fit than others, there is no single
“correct” specification. The choice of variables in a payer regression
involves policy considerations that affect the IME estimate. For
example, HCFA’'s IME estimate that is used in the Medicare capital
prospective payment system includes case mix, the hospital wage index,
teaching intensity, low-income patient population, and large urban
location as independent variables (DHHS, 1991). The MedPAC regression
includes a variable for atypically high cost or “outlier” cases but does
not include a low-income patient variable. The different specifications
are based on policy differences regarding which factors should be
controlled for in determining the IME adjustment (and not paid for as
part of the IME adjustment) and which factors should be recognized
through the IME adjustment.

The coefficients from the regression results can be used to
establish empirically justified factors for the independent variables,
including an IME factor for the CHGME fund. However, studies have shown
that the coefficients are highly dependent on the variables included in
the model and the way the equation is specified (Anderson and Lave,
1986; Thorpe, 1988; Sheingold, 1990; Mechanic et al, 1998). Teaching
intensity is positively correlated with a number of the other variables,
including size, proportion of outlier cases and percentage of low-income
patients. The exclusion of these variables “loads” some of their effect
onto the teaching coefficient. The underlying policy issue is the extent
to which these other factors affecting cost per case should be supported

by IME payments.



CASE MIX MEASUREMENT

Case mix refers to the mix of patients treated by the hospital. A
patient classification system is used to measure the relative resource
intensity of stays across classes of patients and to compare the mix of

patients treated by different hospitals.

PATIENT CLASSIFICATION SYSTEMS

There are case mix classification systems that use information
available on the Uniform Hospital»Discharge Data Set (UHDDS) to group
patients that have similar clinical characteristics and require similar
levels of resources. The information includes: principal and secondary
diagnoses, complications and co-morbidities, surgical procedures, age,
sex and discharge destination.® Below we briefly discuss four systems
used to classify patients into diagnosis-related groups (DRGs) using
UHDDS information.

HCFA DRGs. The HCFA DRGs are used by the Medicare program and have
been adopted by Medicaid in some States. Since the original DRGs were
implemented in FY1984, HCFA’'s DRG classification refinement activity has
concentrated on the Medicare population and has not incorporated
significant refinements in the pediatric and neonate classifications.
The relative weights are derived from Medicare claims data and are not
as suitable for making case-mix comparisons for pediatric cases as other
systems. The principal advantage to using the HCFA DRGs is that they
are widely used and the grouping logic is in the public domain. In
particular, the Agency for Healthcare Research and Quality uses the HCFA
DRGs in partnership with 22 States in the Hospital Cost and Utilization
Project (HCUP). HCUP consists of two databases. The state inpatient

databases (SID) contain 100% of the claims data for each of the 22

5Birthweight, which is not a UHDDS data element, is used in some
systems to classify neonates and can be developed from the fifth digit
of the ICD-9-CM prematurity diagnosis codes. For detailed comparisons of
the differences in the grouping logic and performance of these systems
in explaining cost variations see: Norbert Goldfield, M.D., Editor,
Phyvsician Profiling and Risk Adjustment, 2™ Edition, Aspen Publishers,
1999 and John H. Muldoon, “Structure and Performance of Different DRG
Classification Systems for Neonatal Medicine,” Supplement of Evidence-
Based Quality Improvement in Neonatal and Perinatal Medicine,
Pediatrics, Vol. 103, No.l January 1, 1999.




participating states. The nationwide inpatient sample (NIS) includes
100% of the claims data from a 20% sample of the hospitals in the 22
States.

All Payer DRGs. The All-Payer (AP) DRGs were developed by 3M HIS
for the New York State Department of Health. The AP-DRGs include
refinements to the neonate and pediatric DRGs developed by the National
Association of Children’s Hospitals and Related Institutions (NACHRI).
HCFA DRGs have seven groups for neonates; in contrast, the AP-DRGs have
34 groupings that include six birth weight ranges as a grouping variable
along with breakouts for surgical and medical cases. In addition, the
AP-DRGs establish groupings for major complications and co-morbidities
that have greater impact on hospital resource use than the principal
diagnosis. The AP-DRG system is a proprietary system that requires a
licensing fee to use.

TRICARE/CHAMPUS DRGs. The prospective payment system used by the
Department of Defense (DoD) to pay civilian providers is modeled on the
Medicare prospective payment system. (Unlike Medicare, however,
children’s hospitals are included.) DoD uses the HCFA DRG classification
system with several modifications for pediatric cases, including
adopting the 34 neo-natal DRGs used by the AP-DRGs in place of the HCFA
DRGs for neonates. Also, the TRICARE/CHAMPUS relative weights are based
on claims for the TRICARE population.

All Payer Refined DRGs. Building on the base AP-DRGs (prior to
subdividing for complications and co-morbidities), the All Payer Refined
(APR-) DRGs assign three descriptors to each patient: the base APR-DRG,
a severity of illness subgroup, and a risk of mortality subgroup.
Principal diagnosis and surgical procedures determine the base APR-DRG.
There are four severity of illness and four risk of mortality subgroups.
The subgroups take into account the interaction between the principal
and secondary diagnoses, age, and certain non-operating room procedures.
Assignment is specific for each base AP-DRG. For evaluating resource
use, the APR-DRGs in conjunction with the severity of illness subgroups
igs used. The APR-DRGs are a proprietary system that was jointly

developed by 3M HIS and NACHRI.



A comparative study by 3M HIS and NACHRI using 1993 sample claims
data evaluated how well various DRG systems predicted cost at the
hospital level (Averill et al., 1999). A 20 percent sample of claims for
40 children’s hospitals was included in the analysis. Overall, the study
found that APR-DRGs are a better predictor of resource use for inpatient
stays at children’s hospitals. However, most improvement over the HCFA
DRGs and AP-DRGs was in neonate cases, which were 8 percent of the cases
in the children’s hospital sample (TRICARE/CHAMPUS DRGs were not
separately evaluated). Since IME funds are allocated at the facility-
level, differences in the patient classification system are important
only if they capture systematic differences in the types of patients
treated at various classes of children’s teaching hospitals. The poorer
performance of the HCFA DRGs in predicting the costs of neonates is
problematic if there are systematic differences in the types of neonates
treated at various children’s teaching hospitals. We do not have
patient-level data from children’s teaching hospitals that would allow

us to investigate this question as part of this study.

DRG RELATIVE WEIGHTS AND CASE MIX INDEX

Each DRG is assigned a relative weight based on the average
resources required to treat patients in the DRG relative to the average
discharge. A hospital’s case mix index is the average DRG relative
weight for its inpatients, i.e., the sum of the DRG relative weights for
inpatient stays in the hospital divided by the total number of inpatient
stays. Thus, the patient population used to derive the relative weights
is an important factor in determining the hospital’s case mix index.
Medicare uses relative weights derived from billing data for Medicare
patients. Individuals entitled to Medicare benefits include those who
are over age 65, are disabled, or have end-stage renal disease. Some
DRGs are specific to patients age 0-17. Since Medicare has relatively
few pediatric cases, FY1996 relative weights for these DRGs were
supplemented by data from 19 states. Since that time, the relative
weights for the low-volume DRGs (those with less than 10 Medicare cases)
have not been updated for changes in practice patterns. Other DRGs to

which pediatric cases may be assigned are applicable to all age groups.



The relative weights for these DRGs are recalibrated annually based on
Medicare data for a predominately aged population. Some states have
developed relative weights specific to their Medicaid population while
others use relative weights based on a national sample of all patients.
The APR-DRG relative weights developed by NACHRI/3M HIS are based on a
national sample of acute general hospitals and most children’s
hospitals.

In the FY2000 grants process for CHGME, HRSA elected to use the
HCFA DRG Version 15 (classification system and relative weights) in the
IME allocation formula. Differences in the DRG relative weights
attributable to using Medicare discharge data instead of pediatric
discharge data are important only if they affect the allocation of IME
funds to individual children’s teaching hospitals. We do not have
patient-level data for children’s teaching hospitals that would allow us

to investigate this issue as part of this study.

CONSIDERATIONS FOR THE CHGME FUND

The Medicare estimates of the IME effect on teaching hospital costs
are based on Medicare costs per discharge and case mix information. The
estimates serve as a prototype for determining an IME allocation factor
for children’s teaching hospitals. However, we do not know 1) if
teaching has a similar effect on costs for pediatric inpatients as it
does for Medicare patients, 2) if there are systematic case mix
differences across children’s teaching hospitals that are not measured
by the HCFA DRGs and relative weights, and 3) how the costs of pediatric
care in children’s teaching hospitals compare to the costs in other
hospitals.

In this report, we begin to address the first two questions. We
estimate the effect of teaching activity on pediatric costs per case and
the sensitivity of those estimates to using case mix indices derived
from pediatric data relative to Medicare data. We also explore the
sensitivity of the CHGME fund distributions to different measures of
teaching intensity. We highlight below the major considerations for
establishing the IME allocation factor. These considerations form the

framework for our analyses and include the following issues:
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e What is the basic purpose of the IME funding? Is it to
recognize a) the higher costs of treating children in
teaching hospitals (both general and children’s) relative to
non-teaching hospitals, b) the higher costs of children’s
teaching hospitals relative to children’s hospitals that are
not engaged in teaching, or c¢) the higher costs of children’s
teaching hospitals relative to all other hospitals?

e What are the implications of using more refined measures of
case mix in children’s teaching hospitals?

e To what extent should other factors affecting costs (e.g.,
serving low-income patients) be supported by IME funding?

e How should teaching intensity be measured? Should it draw on
the Medicare program (using either residents-to-beds or
residents-to-average daily census) or should it include

outpatient services?

Purpose of the Adjustment

A key issue in estimating the IME effect is which hospitals should
be included in the analysis. The underlying policy question is whether
the adjustment is to recognize a) the higher costs of treating children
in teaching hospitals (both general and children’s) relative to non-
teaching hospitals, b) the higher costs of children’s teaching hospitals
relative to children’s hospitals that are not engaged in teaching, or c)
the higher costs of children’s teaching hospitals relative to all other
hospitals? The answer will determine which hospitals are included in an
estimate of IME costs. Assuming that the adjustment is intended to
vlevel the playing field,” using all facilities with pediatric cases to
estimate the IME effect on costs is more appropriate than confining the
analysis to children’s hospitals. With the exception of a few markets
such as Philadelphia, children’s hospitals do not share the same market
area. Support is needed for the IME costs they incur relative to other
hospitals that provide care to pediatric patients in their market.
Accordingly, we base our IME estimate on costs incurred by a broadly
representative group of hospitals in providing care to pediatric

patients.
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Ideally, we would include children’s hospitals in the analysis so
that we could determine whether how children’s teaching hospital costs
differ from general acute care hospitals and whether teaching has the
same effect on costs per case in children’s hospitals as it has on
pediatric cases in general acute care hospitals. However, we do not have
the necessary cost data on children’s teaching hospitals to do so. Thus,
while we believe it appropriate to base the IME estimate on the costs of
treating children in teaching hospitals relative to non-teaching
hospitals, we cannot compare the results using this approach to one that
explicitly measures IME costs in children’s teaching hospitals relative

to all other hospitals or other children’s hospitals.

Case Mix Classification System

The case mix index should be consistent with the patient
classification system selected to allocate the IME funds. That is, the
patient classification system used to estimate IME should also be used
to allocate IME funds under the CHGME program. For example, it would be
inappropriate to use the APR-DRGs to estimate the IME effect on
pediatric costs per case and the HCFA DRGs to allocate the IME funds.
This is because there is an interaction between case mix and the
teaching effect on cost per case. One function of the IME adjustment is
to recognize severity differences that are not accounted for by the
patient classification system. As more costs are explained by the
patient classification system and reflected in the case mix index, the
teaching variable no longer needs to account for these severity
differences and has a lower coefficient.

We use the HCFA DRGs for the analyses in this report to be
consistent with the HRSA decision for the FY2000 and FY2001 CHGME fund
allocations. We considered using the CHAMPUS or APR-DRGs instead of the
HCFA DRGs because they significantly improve the case mix classification
for newborns. However, for this study we have access only to case-mix
indices for children’s hospitals based on HCFA DRGs. Therefore, even if
we were to use a different classification system, we would not have the
data for children’s teaching hospitals that would allow us to use the

results to simulate IME fund allocations under the CHGME program.
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Relative Weights

The HCFA relative weights are based on the average cost of Medicare
patients in a given DRG relative to the average cost for all Medicare
patients. While in theory it would be preferable to use relative weights
based on the pediatric cost data, it is not known whether this would
make a significant difference in the IME estimate or in the allocation
of IME funds across children’s teaching hospitals. The HCFA relative
weights are well-established and updated annually. In contrast, relative
weights have not been established using only pediatric cases in the DRGs
that are not restricted to the age 17 and under population. Utilizing
the existing HCFA relative weights entails less administrative burden
than establishing and maintaining pediatric relative weights. Thus, a
key question for the CHGME program is whether the impact of using
pediatric relative weights is sufficient to warrant developing an on-
going mechanism to establish and maintain them. In this study, we
investigate the relationship between relative weights based on the costs
of Medicare patients and those based on the costs of pediatric patients
using the HCFA DRGs. Our focus is on whether the pediatric relative
weights produce a significantly different IME estimate than the HCFA
relative weights. The results should inform a decision regarding whether
additional analyses should be performed to determine if the pediatric
relative weights would result in significantly different IME fund
allocations. We do not have the DRG-level information that would allow
us to use the results to simulate IME allocations to children’s teaching

hospitals.

Controlling for Other Explanatory Variables

Another key policy question is which variables to include in the
regression equation. A fully-specified regression, which includes a
comprehensive set of variables that explain differences in cost per
case, provides the best technical estimate of the teaching effect. It
also provides the most “technically correct” basis for allocating funds
across children’s teaching hospitals based solely on the indirect
teaching effect. However, it may not provide the most appropriate

estimate of the amounts needed to “level the playing field.” This is
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because payers may be willing to pay higher amounts for some but not all
of the other factors that have a significant effect on cost. A payer
regression for the CHGME program would include as independent variables
those factors that are likely to be recognized by third-party payers in
purchasing care for pediatric inpatients and which do not require IME
funding to “level the playing field.” The decision regarding which
variables to include in an IME estimate for the CHGME program is a
policy decision once the set of variables that have a significant effect
on cost have been identified. The decision has implications for the size
of the IME coefficient. This is because teaching intensity is positively
correlated with a number of the other variables. The exclusion of these
variables “loads” some of their effect onto the teaching coefficient.
The underlying issue is the extent to which these other factors
affecting cost per case should be supported by IME funding. In this
study, focus our attention in the payer regressions on those variables
that are treated differently by HCFA and MedPAC. We investigate the
impact that the inclusion or exclusion of the outlier and low-income
variables have on the IME estimate and the allocation of IME funds

across children’s hospitals.

Measure of Teaching Intensity

Most resident activity is related to patient care. The resident-to-
average daily census measures the relationship between the number of
residents and the a&erage number of inpatients receiving care each day
and should reflect teaching intensity more directly than the resident-
to-bed ratio. HCFA considers average daily census to be a better measure
of teaching intensity and less subject to manipulation. It results in
the same Medicare IME adjustment factor for hospitals with the same
average daily census and resident count regardless of their bed size and
occupancy rate (HCFA, 1991; Phillips, 1992). The MedPAC formula results
in the same IME adjustment factor for hospitals with the same number of
beds and resident count regardless of the number of inpatients. MedPAC
prefers the resident-to-bed ratio because it favors more efficient
hospitals with high occupancy rates. Relative to using the resident-to-

average daily census ratio, these hospitals have a higher IME adjustment
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factor than hospitals with a similar resident-to average daily census
ratio but lower occupancy rate.

Both the resident-to-bed ratio and resident-to-average daily census
ratio are less than ideal because they relate resident activity only to
inpatient services. The resident count in the numerator includes
residents working in both the inpatient and outpatient areas of the
hospital (as well as non-hospital settings if the hospital incurs
substantially all of the training costs); therefore, it does not
penalize hospitals that emphasize training in ambulatory settings. The
denominator includes a measure of inpatient services only (either beds
or inpatient days). In determining teaching intensity, this also
advantages hospitals with a large volume of ambulatory services. They
would have lower teaching intensity if the denominator included both
inpatient and outpatient volume relative to a hospital with a low volume
of ambulatory services and the same inpatient capacity. However, using
inpatient discharges as a multiplier in the IME allocation formula
penalizes hospitals with a large volume of ambulatory services. If the
teaching intensity measure is adjusted for outpatient services, the
multiplier should also be adjusted. In this study, we examine the effect
that making both changes would have on the IME allocations across
children’s hospitals. In doing so, we assume that 1) a hospital’s case
mix index for outpatient services is comparable to its case mix index
for inpatient services and 2) the teaching effect on outpatient costs is
comparable to the effect on inpatient costs. Our ability to measure the
teaching effect on outpatient costs is hampered by the lack of
consistent measures of outpatient volume and case mix.

The way the teaching intensity variable is specified has
implications for how the IME funds would be allocated across children’s
hospitals. The implications of the different specifications should be
understood so that the choices regarding which variables are included in
the regression are consistent with the policy objectives for the CHGME.
It is for this reason we simulate the IME fund allocations to children’s
hospitals using the results from regression models with alternative
measures of teaching intensity. These include not only residents-to-beds

and residents-to-average daily census but also measures that take into
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account outpatient volume. The simulations indicate how the funds would
be allocated across classes of children’s teaching hospitals using
alternative models that are technically appropriate. In deciding among
the alternatives, the simulations provide information for determining

which models are most consistent with the policy objectives for CHGME.
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2. METHODS AND DATA

In the first two sub-sections below, we review our methodology for
estimating an IME effect through multivariate analyses and using
simulations to evaluate the sensitivity of the fund allocations to
different IME estimates. We then describe the various data files that we
use in our analyses. Our primary data sources are:

e 100 % claims data from 11 states participating in the Agency
for Healthcare Research and Quality’s Hospital Cost and
Utilization Project;

e Medicare cost report data from hospitals participating in the
Medicare program and filing full cost reports; and,

e HRSA-provided data reported by children’s teaching hospitals
during the FY2000 grant application process, including the
case mix index and number of residents.

We also use information from the American Hospital Association
Annual Survey to obtain data on selected facility characteristics that
might explain variations in pediatric costs per case.

After we discuss our data sources, we define a series of variables

that we use throughout our analyses.
ESTIMATING IME COSTS THROUGH MULTIVARIATE REGRESSION

General Specification Issues

We use multivariate regression analysis to examine various factors
that may explain variation in costs per discharge across hospitals and,
in particular, to estimate the effect teaching intensity has on the
costs of providing care to pediatric patients. Our dependent variable is
each facility’s average cost per discharge. We use the natural logarithm
to transform cost and to examine different specifications. Most
regression models are in a log-log form. The general specification is:

1In Y, = Bo.+ BilncMI, + B,1nWI + B,1nTI + B,InX + u,

where:

<
It

cost per discharge

CMI

the case mix index;



18

WI = the area wage index
TI = a measure of teaching intensity
X = a vector of other variables that might affect cost

per discharge

coefficients to be estimated

=
I

an additive error term

<
1]

. = an index for each hospital

Hospital-weighted vs. discharge-weighted regressions. In
preliminary analyses, we examine whether the teaching coefficients are
sensitive to whether the regression is weighted. In ordinary least
squares regressions, each hospital’s data is given equal weight
(facility-weighting) . A weighted least squares estimation weights the
values for each hospital by its discharges. The original Medicare IME
estimates for acute care operating costs used facility-weighting.
However, when this approach was used, the standard payment rate was
derived from a simple average of each hospital’s standardized cost per
discharge. The discharge-weighted regressions should be more efficient
because they give more weight to hospitals with a large number of cases.
They account for the fact that there is more random variation in data
from small hospitals and produce minimum variance unbiased estimates of
the coefficient.

Transformation of the teaching and low-income measures. We examine
different transformations of the teaching and low-income variables.
These include:

e 1In (1 + teaching intensity measure)
e 1n (.0001L + teaching intensity measure)
e non-logged teaching intensity measure

Since the values for teaching and for serving low-income patients
can be zero, ©® a customary practice has been to add 1.0 to the teaching
and low-income ratios (for example, 1 + resident-to-bed ratio) before
logging the variable. This form of the variable was used to estimate the

original Medicare IME factor for acute care operating costs. Rogowski

6 This occurs with the teaching variable for all non-teaching
hospitals. It rarely occurs for the low-income variable since at least
one patient is likely to be entitled to Medicaid.
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and Newhouse (1992) found that adding 1.0 to the teaching ratio biases
the teaching coefficient substantially if the true specification is log-
log. This is because the teaching ratios are guite small in relation to
1.0. Rogowski and Newhouse added .0001 to the teaching ratio instead of
1.0 to reduce the distortion to less than one percent. However, they
also found that the revised specification did not produce a
substantially different estimate of teaching hospital cost
differentials. HCFA avoided the potential distortion in the 1n (1 +
teaching intensity measure) form by using a non-logged version of the
variable in estimating the teaching effect on total costs for the
capital prospective payment system (DHHS, 1991). More recently, Dalton
and Norton (2000a) concluded that HCFA'’s original specification of the
teaching variable (l+resident-to-bed ratio) is supported by the data. We

examine all three forms of the teaching variable in our regressions.

Fully-Specified Regression Models

We perform a set of fully specified regressions to understand the
various factors affecting costs per case and to obtain an unbiased
estimate of the teaching coefficient. In most regressions, our dependent
variable is the natural log of each hospital’s average cost per
discharge for pediatric cases. However, in some regressions we define
the dependent variable as the natural log of the cost per discharge for
1) newborn (MDC 15) discharges or 2) all other discharges in order to
compare how well we can explain the costs of newborns relative to other
discharges. We include a comprehensive set of independent variables that
may influence cost. The variables are drawn from the literature and have
been shown in the past to be significant factors in explaining
differences in cost per discharge across hospitals. We summarize the

variables and their expected effect on cost per case in Table 1.



20

Table 1: Explanatory Variables Expected to Have a Significant Effect on Cost
Per Discharge

Variable Definition Anticipated Coefficient

Case mix The CMI measures the average resource The expected

index requirements of the hospital’s coefficient is 1.0.

(CMI) discharges relative to other hospitals.

Hospital The WI measures the average hospital The expected

wage index
(WI)

hourly wage in the geographic area in
which the hospital is located relative
to the average hourly wage for all
hospitals. About 72 percent of hospital
costs are labor-related.

coefficient for a
variable accounting for
wage-related variation
(WI*.72 + .30) is 1.0.

Teaching Common measures of TI are residents- While consistently
intensity to-beds and residents-to-average daily significant and
(TI) census. Since a hospital’s the positive, the size
resident-to-bed ratio is lower, the depends on how TI is
coefficient is higher. specified and the other
variables included in
the regression.
Outlier Outliers are typically defined as The coefficient is
days extraordinarily long-stay or costly expected to be

stays within a given DRG. The variable
captures patient severity that is not
accounted for by the CMI. MedPAC uses
the % of total Medicare payments
received by a hospital that are
attributable to payments for high cost
outlier cases as its measure.

significant and
positive.

Low-income
patients

The measure of low-income patients
typically includes the percentage of
Medicaid inpatients and may also
include the percentage of Medicare
patients who are entitled to
Supplemental Security Income. (Charity
care levels are not available from
public use facility-level data such as
Medicare cost reports). Low-income
patients tend to have more complex
needs than other patients. In part, the
measure serves as a proxy for patient
severity that is not captured by case
mix.

The coefficient is
typically small and
only slightly
significant.

Hospital
capacity

Common measures of hospital capacity
are bed size, number of discharges and
number of inpatient days. Larger
hospitals have more infrastructure and
tend to serve patients with more
complex needs. On the other hand,
smaller hospitals tend to be less
efficient.

Indeterminate.

Emergency
room
admissions

Patients admitted as emergency cases
tend to have more complex needs than
non-emergency patients. The variable
is a measure of patient severity that
is not captured by the patient
classification system.

The coefficient is
expected to be
significant and
positive.

Staffing
patterns

Typical measures are staffing costs
(standardized for area wage

The coefficient is
expected to be
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differences) or number of full-time positive.
equivalent employees in relation to
hospital capacity. Occupational mix
data are not available. Larger
hospitals and teaching hospitals tend
to have higher staffing ratios and
costs than smaller, non-teaching
hospitals.
Geographic | Dummy variables for the region in which | Indeterminate. Earlier
location a hospital is located was used in the studies found large
original Medicare IME estimate. More urban status had a
recently, dummy variables for location signficant effect on
in a large urban area and rural areas total cost per case.
have been used (with other urban area More recently, rural
as the missing variable) in IME status has been found
estimates. Hospitals located in large to have a significant
urban areas tend to be larger and offer | effect on cost.
more specialized care. Rural hospitals
tend to be smaller and provide less
complex care. However, they also have
fewer patients and higher overhead
costs.
Type of Dummy variables are used to distinguish | Coefficient for
ownership between hospitals by type of ownership: | proprietary and/or
proprietary, non-profit, and governmental dummy
governmental. Proprietary and variables is expected
governmental hospitals tend to be less to be significant and
costly than non-profit hospitals. negative.
Trauma A dummy variable is used to describe a Coefficient for dummy
center hospital’s status as a trauma center. variable is expected to

The variable is used as a proxy for
offering specialized services.

be significant and
positive.

We compare the effects of:

[ )

using unweighted and weighted regressions;

different measures of teaching intensity

Payer Regression Models

using CMIs derived from two different sets of relative

(HCFA version 16) and the Pediatric

weights: the HCFA CMI
CMI ( based on standardized costs for pediatric discharges) ;
and,

In the payer regressions, we confine our independent variables to

the teaching measure and other variables that are most likely to

influence the payments that hospitals receive from payers. At a minimum,

the other variables are the case mix index and the wage index. We

examine the effect on the teaching coefficient of including in the payer

model variables for outlier cases (MedPAC approach) or low-income

patients (HCFA approach)

in addition to the case mix index and the wage

index. Both variables are correlated with teaching activity and their
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inclusion or exclusion is likely to affect the teaching coefficient. We
also compare the effect of using different measures of teaching
intensity and logged and non-logged forms of the measures. We use the r-
square and the standard error of the regression to compare the ability
of the alternative models to explain variation in pediatric costs per
discharge. We also use the size and significance of the wage index and
case mix coefficients compared to their expected values of 1.0 as an

indication of how well the model describes costs.

SIMULATING IME FUND ALLOCATIONS

We simulate allocations from the CHGME IME fund to eligible
children’s hospitals using the coefficients from the regression
analyses. The purpose of the simulations is two-fold: to evaluate the
sensitivity of the amount received by each hospital to different
allocation methodologies and to estimate aggregate indirect teaching
costs for ﬁhe children’s hospitals. The first issue analyzes the extent
to which each facility’s share of aggregate payments changes under
different allocation policies for a fixed amount of IME funds. The
second issue assesses how the different specifications affect the
estimate of total IME costs changes

Our choice of IME models to simulate is designed to preserve and
inform a range of policy options using HCFA CMIs. Our base model is the
formula used by the Medicare program for hospital operating costs since
HRSA is currently using this model to allocate IME funds. We compare
the results using this model to results using Medicare’s capital formula
as well as results using regression coefficients derived from models
based on:

e pediatric costs per case using different measures of teaching
intensity
e outpatient as well as inpatient volume

Available data constrains our choice of simulations. We use the
case mix index derived from the HCFA version 16 relative weights in all
our simulations. We cannot simulate allocations using the case mix index
that we derive from pediatric costs because we do not have case mix

indices for children’s teaching hospitals using these weights. Further,
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we do not simulate the results from regressions using outliers as an
explanatory variable because we do not have information on outliers at
children’s hospitals.

A hospital’s IME cost is a function of its case mix index (CMI) ,
discharges, wage index, and teaching intensity. Consistent with the log-
log specification, the formula for determining IME cost is
multiplicative. The IME factor in the formula expresses the higher costs
for teaching hospitals relative to non-teaching hospitals. Medicare IME
payments are determined on a discharge-by-discharge basis and are a
function of the standard payment rate adjusted for the hospital’s wage
index, the DRG to which the discharge is assigned, and the IME
adjustment factor. Aggregate IME payments can be estimated by
substituting the hospital’s case mix index for the DRG relative weight
and multiplying by the total number of discharges. For example, the IME
adjustment factor for Medicare total costs per case using MedPAC'’'s most
recent estimate is (l+residents-to-bed ratio) * -1). A hospital’s total
Medicare IME payment under the MedPAC estimate would be:

e standard rate* CMI* (.7205*WI+ .2795) *[(l+residents-to-bed
ratio) *' -11* number of discharges

Following this general approach, we use the coefficients from
selected regressions to establish the factors that are applied to each
variable. We note that the Medicare and MedPAC models assume that the
coefficients for the CMI and the WI variables are 1.0. We use the actual
coefficients produced by the regression to develop an allocation
weighting factor (WF) for each children’s teaching hospital equal to:

WF = omr P swr P+ (TP -1 )*(NOD, or NOAD, ) where:

i

CMI = case mix index for hospital,; Pcmi= the regression

i

coefficient for CMI
WI, = area wage index for hospital, ; Pwi = the regression

coefficient for WI

TI, = the teaching intensity value for hospitali;Bti = the

i

regression coefficient for TI

NOD, = number of discharges for hospital,

NOAD, number of adjusted discharges for hospital,
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We use the ratio of the weighting factor for the hospital to the
sum of the weighting factors for all children’s teaching hospitals to
estimate what the hospital’s share of IME funds would be. We use the
coefficients from regressions using different measures of teaching
intensity and forms of the measures to determine how sensitive the
allocations are to the alternative formulae.

We also use the regression coefficients to estimate total IME costs
in children’s teaching hospitals. The estimates assume that the cost
structure in children’s teaching hospitals are comparable to the costs
of pediatric cases in general community hospitals. They can inform the
policy decision regarding the appropriate apportionment of the CHGME
fund between DGME and IME. The estimates also provide information on the
percentage of IME costs covered by the CHGME fund. They do not provide
information on the level of coverage needed to “level the playing

field.”
DATA SOURCES

State Inpatient Database

The State Inpatient Database (SID) is 100% claims files maintained
by the 22 states participating in the Agency for Healthcare Policy and
Research’s Hospital Cost and Utilization Project (HCUP). The data for 13
states are maintained centrally. Based on cost considerations, we obtain
the data for 11 states to use in our analyses. The states are: Arizona,
California, Colorado, Florida, Iowa, Maryland, Massachusetts, New York,
Oregon, Washington, and Wisconsin. These states account for
approximately 36 percent of the discharges for patients 17 and under in
the United States. About 32 percent of the discharges from children’s
teaching hospitals occur in these States. We elect to use the SID
instead of the national inpatient sample (NIS) to increase the
representation of children’s hospitals in our analysis file. We use the
latest available information, which is for discharges occurring in 1997.
We extract 2.41 million claims for patients age 17 and under. After
using the AHA survey crosswalk between the AHA identification number on
the claims and the Medicare provider number, we have 2.21 million

discharges in our file.
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Cost Report Data

We use Medicare cost report data for each Medicare participating
hospital in the 11 states represented in the SID database that filed a
full cost report in federal fiscal year FY 1997 (i.e., cost reporting
periods beginning on or after October 1, 1996) and /or FY 1998 (i.e.,
cost reporting periods beginning on or after October 1, 1997). These
cost reporting periods overlap the 1997 SID data. After linking the cost
report data with the SID database and eliminating claims with missing
charges, we have 1338 hospitals with 2.00 million discharges in our

file.

Other General Hospital Data

We use other sources of information on hospital characteristics to
establish explanatory variables for factors that might affect hospital
costs per case. These sources are described below.

Hospital Wage Index

We obtain the hospital wage data from HCFA that were used for the
FY1999 and FY2000 hospital wage indexes.

HCFA Relative Weights

We use the HCFA version 16 relative weights. These weights, which
were effective for discharges occurring in FY1999, are based on FY1997
claims. They are the best match with the claims and costs data that we
are using in the analysis. They are also the weights that HRSA used to
allocate FY2001 IME funds.

PPS Impact File

We use HCFA’'s PPS impact file for FY2000. This file is made
available annually when the prospective payment rates for inpatient
hospital services are published. It contains the various payment
parameters used to determine payments to individual acute care
hospitals, such as the IME and DSH adjustments.

AHA Survey

We supplement the Medicare cost report information with data from
the 1998 AHA survey on facility characteristics that might affect a
hospital’s cost per case. These data include: certification as a trauma

center, membership in the College of Teaching Hospitals, number of
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fulltime equivalent employees, and adjusted average daily census. The
latter variable converts outpatient services into equivalent inpatient

days based on average per diem revenues.

Data on Children’s Teaching Hospitals

HRSA CHGME Data '

We obtain from HRSA information specific to children’s hospitals
that was furnished to the agency as part of the FY2000 application
process for the CHGME program. The information is for 1999 and includes
case mix index (HCFA version 15), number of beds, number of inpatient
days and discharges, and number of FTE residents (with no weighting for
residents that are beyond their initial residency period). It is more
complete than the information available from Medicare cost reports since
some children’s teaching hospitals do not file a full Medicare cost
report and case mix information is not available on the cost report.

HCUP Data

As this project was nearing completion, AHCPR obtained
supplemental HCUP information from the states concerning children’s
inpatient stays. Summary information is available on-line and contains
DRG-specific information on pediatric discharges across classes of
hospitals (e.g. children’s vs. general community hospitals, teaching vs.
non-teaching). We use this database (KID) for information on the
distribution of pediatric inpatient stays

(www.ahrqg.gov/hcup/hcupnet . htm) .
ESTABLISHING THE VARIABLES USED IN THE ANALYSIS

Cost Per Discharge
We use the Medicare cost report data to develop for each hospital
in our analysis file an overall cost-to-charge ratio for inpatient

hospital services.’ We apply the cost-to-charge ratio for inpatient

7 We estimate the inpatient cost for each ancillary cost center by
multiplying its total costs by the ratio of its inpatient charges to
total charges. We sum the inpatient costs for the routine service areas
and the ancillary areas to determine total inpatient costs and divide by
total inpatient charges to develop an overall cost-to-charge ratio for
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hospital services to the total charges on each SID inpatient bill for a
pediatric stay to estimate the cost for the discharge. We estimate a
hospital’s average cost per discharge by summing the costs for all
discharges in the database and dividing by the total number of
discharges in the hospital. The costs include operating and capital-
related costs but exclude direct medical education costs that are funded
as direct GME by the Medicare and CHGME programs.

In addition to computing an average cost per discharge for all
pediatric discharges at each hospital in our analysis file, we compute
an average cost per discharge for the discharges assigned to MDC 15
(Newborn and other neonates with conditions originating in the perinatal
period) and an average cost per discharge for patients assigned to other
MDCs. We use the DRG assignment on each SID inpatient bill to separate
the discharges into the appropriate groupings for these calculations.

We establish the separate cost per discharge variables for two
reasons. First, the literature suggests that the HCFA DRGs do not
perform well in predicting the costs of patients in MDC 15 (Averill,
1999) . Second, children’s teaching hospitals have a different mix of
neonate cases than other hospitals. Table 2 shows the distribution of
MDC 15 discharges by DRG and hospital characteristic. Sixty-eight
percent of the discharges in MDC 15 are assigned to DRG 391. Children’s
teaching hospitals have only 9 percent of the discharges in DRG 391
compared to 12 percent of all discharges in MDC 15. They have a
disproportionately large share of the discharges in DRGs for neonates
with extreme prematurity or other severe problems (e.g., DRGs 386 and
387) . Establishing the separate cost per discharge variables will allow
us to investigate how well we are able to predict the costs for MDC 15
discharges in teaching hospitals and how the MDC 15 discharges affect

our IME estimate.

Case Mix Index
We compute a CMI for each hospital in our analysis file based on

HCFA version 16 relative weights. From the SID patient-level file, we

each hospital. After applying the cost-to-charge ratio, we adjust for
inflation between the month of discharge and July 1, 1997.
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determine the DRG for each discharge.® We assign the associated relative
weight for the DRG to the discharge. We determine the CMI or average
relative weight by summing the hospital’s relative weights and dividing
by the number of discharges. In addition to an overall CMI for all the
pediatric cases at each hospital, we compute separate CMIs for patients
assigned to MDC 15 and other MDC s.

We use the HCFA CMI for most of our analyses since this is the only
hospital-specific CMI that we have for children’s teaching hospitals. We
are also interested in the potential impact of using different patient
classification systems and relative weights to allocate CHGME IME funds.
Resource and data constraints preclude our investigating alternative
patient classification systems such as the APR-DRGs for this project.
However, we are able to use the claims in the SID database to establish
relative weights for the HCFA DRGs that are based solely on the costs
for pediatric discharges.

In developing relative weights, it is desirable to account for
systematic differences in hospital mark-ups and cost levels that might
affect the relative costliness of treating the average pediatric patient
assigned to a given DRG compared to the average cost of pediatric

patients. HCFA uses standardization to account for differences in levels

8 HCUP makes the DRG assignment based on the DRG version in effect
as of the date of discharge. HCFA DRG v.14 was in effect from 1/1/97-
9/30/97; v.15 was in effect from 10/1/97 -12/31/97. Changes were made
between the two versions in the classification logic for several DRGs.
To have a consistent set of DRGs, we crosswalked the discharges from
10/1/97-12/31/97 that were assigned to the revised DRGs to the DRG they
would have been assigned under v.14. The HCFA v.1l6 relative weights are
based on Medicare discharges occurring from 10/1/96-9/30/97. We modified
the relative weights to take into account DRG classification changes
occurring between v. 14 and v.16 so that the weights are consistent with
the v. 14 classification logic. For example, v. 15 replaced DRGs 214 and
215 (Back and neck procedures with and without CC) with 5 new DRGs: DRG
496 (Combined anterior/posterior spinal fusion), DRG 497 (Spinal fusion
with CC), DRG 498 (Spinal fusion without CC) DRG 499 (Back and neck
procedures except spinal fusion with CC), and DRG 500 (Back and neck
procedures except spinal fusion without CC). We reassigned the pediatric
discharges from the last quarter of 1997 that were classified to DRGs
497-500 to DRGs 214 and 215 based on whether they involved CCs. We also
constructed relative weights for DRGs 214 and 215 using the v.16
relative weights and cases for DRGs 496-500. No changes were made over
this period to DRGs with a high volume of pediatric cases.



30

of cost. In establishing the DRG relative weights, HCFA standardizes the
hospital’s charges for wage differences, teaching, and for serving low-
income patients (DSH). We construct a set of relative weights using this
general approach to standardize each hospital’s estimated costs for a
discharge. By using estimated costs rather than charges, we account for
differences in overall levels of hospital mark-ups.®

One problem with the standardization methodology is that we need to
know the teaching and low-income effect on cost in order to develop the
relative weights and we need to know the average relative weight or CMI
for each hospital in order to estimate the teaching and low-income
patient effects. We solve this problem by using the Medicare PPS capital
adjustment factors for teaching and serving a disproportionate share of
low-income patients to standardize each hospital’s costs per case. These
factors are based on an empirical estimate of the teaching and low-
income patient effect on total cost per discharge (operating and
capital). For our purposes, they are preferable to the Medicare PPS
operating factors since the operating factors exceed empirical estimates
of the teaching and low-income effect on costs per case. We standardize
the hospital’s costs for the wage index as well as the capital
adjustment factors.l® We then sum the standardized cost per case for all
discharges within the DRG and divide by the number of discharges within
the DRG. We eliminate as statistical outliers discharges whose cost is
three standard deviations or more above or below the log mean cost for
the DRG. Our final analysis file has 1,337 hospitals with 1.98 million

discharges.

9 Since we use an overall cost-to-charge ratio to estimate the
costs for a case, we do not account for systematic differences across
hospitals in mark-up policies for specific services. Applying cost-to-
charge ratio specific to each ancillary department to the ancillary
charges on the claim would address distortions that might exist in
service mark-ups.

10 The adjustment factors are available on the PPS impact file. To
standardize, we divide the cost for each case by 1 + the sum of the IME
and DSH adjustment factors. We divide the labor-related share of total
costs per case by the hospital wage index. The HCFA Office of the
Actuary estimates the labor-related share in FY1997 to be 72.05 percent
of total costs. Standardized cost = (Cost per discharge*.7205/WI + cost
per discharge*.2795)/ (1+DSH+IME) .
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The weights we construct should be sufficient for our preliminary
investigations. If we were going to use the standardized cost weights to
simulate the impact pediatric-specific relative weights would have on
IME allocations from the CHGME fund, we would want to develop weights
through an iterative process using the coefficients from our regressions
as the standardization factors. Further, we would want to compare the
weights derived through standardization with weights constructed using
the hospital-specific relative value method. This method converts the
charges for each hospital’s cases to hospital-specific relative values
that are normalized for the hospital’s case mix (MedPAC, 2000). Its
advantage over using standardized costs is that the effect of other
factors such as IME and DSH do not need to be established before
developing the relative weights.

We use the relative weights to construct two case mix indices for
pediatric discharges from each hospital in our database. We define the
indices as follows:

e the HCFA CMI is based on the version 16 relative weights derived
from Medicare discharge data; and,

e the Pediatric CMI is based on relative weights derived from
pediatric discharges using the standardized cost methodology.

We develop separate case mix indices that match our cost per case
variables; that is, we establish separate case mix indices for all

discharges, for MDC 15 discharges and for all other discharges.

Wage Index Value
The wage index is intended to account for systematic differences in
hospital wage levels across labor market areas. Medicare defines labor
market areas as Metropolitan Statistical Areas (MSAs) and the non-MSA
areas of States. The wage index value reflects the average hospital
hourly wage in the geographic area in which a hospital is located
relative to the national average hourly wage for hospitals. We use
different wage indices in our regressions and in our simulations.
e In our regression analyses, we want to have the best possible
match with the 1997 claims in the SID database used to derive

the cost per discharge variable. We use HCFA hospital wage
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data for cost reporting periods beginning on or after October
1, 1996. The data were used to develop the FY2000 hospital
wage index. We use the data that excludes resident and
teaching physician compensation (which is defined as DGME)
and classifies hospitals based on their actual geographic
location without regard to reclassifications by the Medicare
Geographic Reclassification Review Board.

e In our simulations of potential allocation methodologies, we
use the FY1999 hospital wage index. The authorizing
legislation specifies that this wage index be used to
allocate direct GME funds under the CHGME program. HRSA has
elected to use the same wage index to allocate the IME funds.
The wage index is based on data for cost reporting periods
beginning on or after October 1, 1995 and incorporates the
effect of changes in geographic reclassifications.

We define the wage index as (.7205*WI +.2795). This definition
takes into account that an estimated 72.05 percent of hospital total

costs per discharge are labor-related.

Geographic Location

Medicare'’s prospective payment system recognizes geographic cost
differences that are not accounted for by the hospital wage index.
Specifically, there is a 1.6 percent add-on for hospitals located in a
large urban area (MSAs with 1 million population or more or New England
County Metropolitan Areas with 970,000 population or more) in the PPS
for operating costs and a 3.0 percent add-on for capital-related costs
We establish dummy variables for location in a large urban or in a rural
area to investigate whether geographic location has an effect on

pediatric costs per discharge.

Hospital Capacity
We use several measures for the capacity of the hospitals in our
analysis file:
¢ The total number of beds is a common measure of the inpatient

capacity of the facility. We derive the bed size measure from
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the Medicare cost report for acute care hospitals (exclusive
of sub-provider units).

The hospital’s average daily census is a measure of its
inpatient service capacity. We derive this measure by
dividing the total number of hospital inpatient days
(including nursery) reported for the cost reporting period by
the number of days in the cost reporting period.

The hospital’s adjusted average daily census is a measure of
the total services provided by the hospital. It is determined
by converting the hospital’s outpatient services into
equivalent inpatient days (by dividing total outpatient
charges by the average inpatient per diem charge) and adding
the result to inpatient days (Adj. ADC= ADC + (outpatient
revenues/average inpatient charge per diem). The AHA survey
data includes this variable for most hospitals. For
children’s hospitals with missing values, we impute a value.
We multiply the hospital’s ADC by the discharge-weighted
average ratio of adjusted average daily census to average

daily census for the hospitals for which we have both values.

Indirect Teaching Costs

We define several measures of the teaching intensity of the

hospitals in our analysis file. These include:

Residents-to-beds based on Medicare definition. The Medicare
PPS for operating costs uses the ratio of residents in the
acute care portion of the facility (excluding the well
newborn nursery) to beds (excluding well newborn nursery
beds). Resident time spent in non-hospital settings are also
counted if the hospital incurs substantially all of the
costs. We use the ratio reported on the FY1999 PPS impact
file for this variable.

Residents-to-beds based on HRSA definition. HRSA included
newborn nursery beds in the bed count in determining FY2001

IME fund allocations. We construct a value by dividing total
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hospital residents by the total hospital bed count reported

on the cost report. !

e Residents-to-average daily census. This measure is used in
the Medicare PPS for capital-related costs. The ratios are
higher than the resident-to-bed ratio because the denominator
is smaller. Relative to other hospitals with the same number
of residents, hospitals with higher occupancy rates would
have a lower ratio. We construct a measure from the cost
report that includes well newborn nursery days.

e Residents-to-adjusted average daily census. This measure
takes into account outpatient as well as inpatient services.
Relative to the inpatient-only ratios, hospitals with a

higher proportion of outpatient services would have a lower

ratio.

Low-Income Patients

We establish a low-income patient measure for each hospital based
on the proportion of total pediatric inpatient days that are
attributable to Medicaid patients. The low- income patient measure
accounts for additional patient severity and other costs associated with
serving low-income patients. It is not a measure of the facility’s

uncompensated care costs.

Outlier Stays

We develop a measure of the percentage of each facility’s inpatient
days that are attributable to atypically long lengths of stay. The
measure is a way of accounting for severity of illness that is not
accounted for by the case mix index. We develop the measure by
establishing an outlier threshold for each DRG as the mean length of
stay plus one standard deviation for the cases assigned to the DRG. We
define the outlier value for each facility the percentage of its
inpatient days that exceed the DRG-specific outlier thresholds. In

addition to an overall measure for all discharges, we develop separate

11 prom the Medicare cost report, we divide Worksheet S-3, Part I,
Line 12, Column 7 by Worksheet S-3, Part I, line 12, Column 1.
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outlier percentages for MDC 15 discharges only and for all other

discharges.

Percent Admissions from Emergency Room

We use the source of admission data on the SID claims to estimate
the percentage of admissions that occur through the emergency room. We
use this measure as an explanatory variable in the full-specified
regressions. Patients who are admitted through the emergency room tend

to have a higher cost per discharge than other patients.

Ratio of Employees to Adjusted Average Daily Census

We use the AHA survey data to compute the ratio of full-time
employees on the hospital staff to the hospital’s adjusted average daily
census. The ratio provides a measure of the size of the hospital’s staff
in relation to its patient load. We use the measure as an explanatory
variable in the full-specified regressions. Teaching hospitals tend to

have a higher staffing ratio than other hospitals.
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3. ANALYSIS RESULTS

FACILITY CHARACTERISTICS

Table 3 summarizes key characteristics of the hospitals in our
analysis file and compares them to the universe of general acute care
hospitals and children’s teaching hospitals. In total, there are 1337
hospitals in the analysis file, of which 958 are non-teaching and 370
are teaching. These are hospitals for which we were able to link the SID
database with Medicare cost report data. We chose to use the HCUP SID
database over the 20% national sample of hospitals in the expectation
that it would allow us to include data for children’s teaching hospitals
in our analysis file. However, there were only 8 children’s hospitals in
the SID database for the 11 states included in the file. After linking
the SID data with Medicare cost report data, we were able to determine
the average cost per discharge for only two children’s hospitals.
Therefore, children’s hospitals are significantly under-represented in
the analysis file used for the regression analyses and are not
separately reported. We separately report the data for teaching
hospitals based on membership in the College of Teaching Hospitals.
Relative to non-COTH hospitals, COTH members are larger, treat children
with more complex needs, and have larger residency training programs.

We use information on from the Medicare PPS impact file to compare
the hospitals in the analysis file with the characteristics of the
universe of general acute care hospitals.

e Compared to the universe, a higher proportion of hospitals is
located in large urban areas and a lower proportion is
located in rural areas. This distribution explains the higher
average wage index for the hospitals in the analysis file
(1.0307 vs. .9378).

e Overall, the hospitals in the analysis file are also somewhat
larger.

o The average daily census is 98 patients compared to 87

patients in the hospital universe.
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o Non-teaching hospitals in the analysis file have an
average daily census of 60 patients vs. 46 patients in
the universe.

o The average daily census for teaching hospitals is the
same in both the analysis file and the universe (192

patients) .

We also use the information we have obtained on children’s teaching

hospitals to compare them to the hospitals in our analysis file.

The children’s teaching hospitals tend to be smaller, with an
average daily census of 124 patients. The COTH children’s
teaching hospitals have an average daily census of 148
patients compared to 351 patients for the general teaching
hospitals in our analysis file.

The average number of residents is comparable. The children’s
teaching hospitals have 76 residents on average compared to
an average of 79 residents for the hospitals in the analysis
file.

With smaller patient loads, the children’s hospitals have
substantially higher teaching intensity ratios. The average
ratio of residents-to-average daily census is .581 for
children’s teaching hospitals compared to .300 for the

hospitals in the analysis file.

DISCHARGE CHARACTERISTICS

Table 4 shows the percentage of discharges in high-volume DRGs that

are accounted for in our analysis file.

In total, there are 1,981,309 discharges, of which 92 percent
are in the top 50 DRGs by volume.

The file accounts for 31.0 percent of all discharges, 31.9
percent of the discharges in the high-volume DRGs, and 23.7
percent of the remaining discharges. By DRG, the range is
from a high of 35.3 percent in DRG 391 (Normal newborn) to
20.2 percent in DRG 108 (Other cardio-thoracic procedures) .
There are some DRGs with a large number of discharges that

are underrepresented. For example, the file accounts for
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24.8% and 23.9%, respectively, of the estimated discharges in
DRG 98 (Bronchitis and asthma age 0-17) and DRG 91 (Simple
pneumonia and pleurisy age 0-17).

Overall, the DRGs in MDC 15 are over-represented relative to
the DRGs in other MDCs. Since the average relative weight is
lower for MDC 15 discharges than discharges in other DRGs, it
is likely that the average CMI for the hospitals in the
analysis file is somewhat lower than the average CMI for

pediatric cases across all hospitals.

Table 5 summarizes the characteristics of the pediatric cases

across the classes of teaching hospitals in our analysis file. Teaching

hospitals generally (and COTH members to a greater extent) are larger,

have a lower proportion of discharges in MDC 15, a higher case mix and

longer length of stay.

The teaching hospitals have on average 2,785 pediatric
discharges compared to an average of 945 discharges in the
non-teaching hospitals. The COTH hospitals have more than
twice the number of discharges (4,695) than the other
teaching hospitals in the analysis file.

About 57 percent of the pediatric discharges in COTH
hospitals occur in MDC 15 compared to 68 percent of the
discharges in other teaching hospitals and 73 percent in non-
teaching hospitals.

Reflecting the higher case mix, the average length of stay in
COTH hospitals is 4.3 days compared to 3.1 in non-COTH
teaching hospitals and 2.3 days in non-teaching hospitals.
The HCFA v.l16 average relative weight for the pediatric
discharges across all hospitals in the analysis file is
.7539. The HCFA CMI in teaching hospitals is .8423 compared

to .6419 in non-teaching hospitals.
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To facilitate case mix comparisons, we normalize the relative
weights so that the average HCFA relative weight for the discharges in
our analysis file is 1.0.12

e The normalized CMI for the MDC 15 discharges is .9138, or
slightly more than 8 percent lower than the average relative
weight.

e The normalized CMI for non-MDC 15 discharges is 1.2052, or
about 20.5 percent higher than the average relative weight
for all discharges in the analysis file.

e The CMI for discharges from teaching hospitals is about 11
percent higher than average while the CMI for discharges from
non-teaching hospitals discharges is about 15 percent lower
than average.

e The CMI for COTH hospitals is about 28 percent higher than
the average CMI for all pediatric discharges and for
discharges from other teaching hospitals.

The pediatric relative weights constructed from standardized
pediatric costs per discharge produce relatively lower CMIs for MDC 15
discharges and relatively higher CMIs for non-MDC 15 discharges. This
suggests that the HCFA relative weights understate the relative
complexity of non-MDC1l5 discharges.

e The CMI for the MDC1l5 discharges drops from .9138 to .7625.

e The CMI for non-MDC 15 discharges increases from 1.2052 to
1.5439.

The pediatric relative weights provide greater differentiation in
the case mix across classes of teaching hospitals.

e The CMI for the discharges from COTH hospitals are 40 percent
higher than the average relative weight for all discharges
(compared to 28 percent using the HCFA CMIs).

e The COTH hospitals also have the highest percentage of
outlier days: 15.1 percent compared to 10.8 percent across

all discharges.

12 7o normalize, we divide each relative weight (or case mix index)
by .7539.
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These findings indicate that on average COTH members serve more

severely ill patients than other hospitals.
In Table 6, we present DRG-specific information on the discharges

in the analysis file. The top 50 DRGs in volume (which account for 92
percent of the discharges in our analysis file) are arrayed in
descending order by number of discharges. The average length of stay for
the discharges assigned to each DRG is shown as well as the outlier
threshold used to determine the percentage of days that are more than
one standard deviation above the mean length of stay for the DRG. Most
DRGs have an average length of stay that is less than 3 days. A high
percentage of outlier days indicates that the DRG classification system
may not be capturing systematic differences in severity within the DRG.
In this regard, we note that several MDC 15 DRGs have a
disproportionately high percentage of outlier days (for example, DRG
389, 13.3%; DRG 388, 16.35%; and, DRG 385, 38.25%). This finding is
consistent with findings from earlier studies that the HCFA DRGs do not
predict costs well for neonate discharges. Also, the DRGs related to
mental disorders (MDC 19) have consistently higher outlier day

percentages!3.

RELATIVE WEIGHT COMPARISON
In Table 7, we report DRG-specific information pertaining to the
relative weights used to construct the case mix indices for the
hospitals in our analysis file. The standardized cost per discharge is
the average cost for pediatric discharges assigned to the DRG after
standardization using the FY2000 hospital wage index and the payment
parameters for IME and DSH used under the Medicare capital prospective
payment system.
e The pediatric relative weight for each DRG is based on the
ratio of the average standardized cost for the discharges in

the DRG relative to the average standardized cost for all

13 In this regard, we note that psychiatric hospitals and units are
excluded from the Medicare prospective payment system because of the
inability to develop to date an adequate case mix classification system
for psychiatric stays.
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e discharges. Thus, the average pediatric relative weight is
1.0.

e A discharge assigned to a DRG with a relative weight of 1.10
is on average 10 percent more costly than the average
pediatric discharge while a discharge assigned to a DRG with
a relative weight of .85 is 15 percent less costly on
average.

We compare the pediatric relative weight to the HCFA v.16 relative
weights. As indicated earlier, the average HCFA relative weight for
pediatric cases is .7539. To facilitate the comparison between the two
sets of relative weights, we normalize the HCFA relative weights by
dividing each DRG weight by .7539 so that the average HCFA relative
weight after normalization is also 1.0. We then divide the pediatric
relative weight by the normalized HCFA relative weight to summarize
their relationship.

We array the DRGs in the table in ascending order of the ratios of
the pediatric relative weights to the normalized HCFA relative weights.
We find that there are substantial differences in the two sets of
relative weights that could have marked impact of the allocation of IME
funds across children’s teaching hospitals. Of concern are those DRGs at
either extreme.

e DRG 390 (Neonates with other major problems), which has the
second highest number of cases, has the lowest ratio. The
pediatric relative weight for DRG 390 is only 18 percent of
the normalized HCFA relative weight.

e The pediatric relative weight for DRG 386 (Extreme immaturity
or respiratory distress syndrome) is more than 2.65 times
greater than the normalized HCFA relative weight. Since DRG
386 carries a high weight, the absolute differences are large
as well: 15.84 versus 4.51.

The HCFA relative weights for these MDC 15 DRGs were constructed

originally from pediatric data. We expected the HCFA and pediatric
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Table 8: Overview of Regression Models Included in Report Tables
EXPLANATORY VARIABLES (WI in ALL)
Table | Model | Type | Discharges in | CMI Teaching Measure | Outlier | Low- Other
Cost Per Case Income
Patient
9 A F/s | a1l HCFA | 1n (1+R2ADC) \ \ \
B F/S | All- No Wgt | HCFA | 1n (1+R2ADC) v v \
C F/s | Aall HCFA | 1n (1+R2Beds) \ \ \
D F/s | All PED | 1n (1+R2ADC) \ V \
10 A F/s | Aall HCFA | 1n(1+R2DC) \ \ \
F/S | No MDC15 HCFA | 1n (1+R2ADC) \ \ \
F/s | MDC 15 HCFA | 1n (1+R2ADC) \ \ \
11 1 Pay |All HCFA | 1n (1+R2ADC)
2 Pay | All HCFA | 1n(1+R2Beds)
3 pay |All HCFA | 1n (1+R2AdjADC)
4 Pay |All HCFA | In(1+ FTE
resident)
12 5 Pay | All HCFA | 1n (1+R2ADC) Y
6 pPay | All HCFA | 1n (1+R2ADC) v
Al12* |5 Pay |All HCFA | 1n (1+R2ADC) \
Pay |All HCFA | 1n(1+R2Beds) \
Pay |All HCFA | 1n(1+R2Adjapc) |V
pPay |All HCFA | 1n(1+ FTE \
resident)
13 5 Pay |All HCFA | 1n (1+R2ADC) \
5A pPay |All HCFA | 1n(.0001+r2aDnc) |V
5B pPay |Aall HCFA | Non-log R2aDC |V
14 5 pPay |All HCFA | 1n (1+R2ADC) v
Pay | No MDC15 HCFA | 1n (1+R2ADC) \
Pay | MDC 15 HCFA | 1n (1+R2ADC) v
Pay | No MDC15 PED | 1n(1+R2ADC) \
Pay | MDC 15 PED | 1n(1+R2ADC) \

*Appendix
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relative weights for the MDC-15 DRGs to be more similar than those
constructed largely with Medicare claims data. Further analysis is
needed to determine why there are such marked differences in some of the
DRGs. One reason may be that we are using an overall cost-to-charge
ratio to determine per discharge costs. Historically, hospitals have had
lower markups for maternity care than other inpatient care. This would
tend to understate the cost of these cases relative to non-maternity
cases. With regard to DRG 390, it may be that coding practices have led
to the more complex cases being assigned to a higher weighted DRG. As
seen in Table 6, DRG 390 has a relatively low outlier threshold and
percentage of outlier days, which indicates a relatively homogeneous
grouping of discharges. Notwithstanding the need to analyze the MDC 15
relative weights further, there is a sufficient pattern of substantial
differences in the relative weights to warrant further investigation of
the implications of using the HCFA relative weights to allocate IME

funds.

REGRESSION ANALYSES

Table 8 provides an overview of the regressions that we include in
this report and identifies the table in which the results are reported
for the first time. (We repeat the results of some regressions in

several tables to facilitate comparisons with other regression results.)

Fully Specified Regressions
We report the results for selected fully specified regressions in
Table 9. Model A and Model B compare the results using total cost per
case as the dependent variable. Both regressions include the HCFA CMI
and residents-to-average daily census as the teaching measure.
e As expected, the discharge-weighted regression (Model A) has a
higher r-square than the facility-weighted regression (Model B).
e In both models, the case mix index, the wage index, percentage of
outlier days, and the percentage of admissions through the
emergency room are positive and highly significant.
e The CMI coefficients are greater than an expected value of 1.0,
which indicates that the HCFA CMI is compressed. The compression

means that the CMI overstates the costs of lower weighted DRGs and



understates the costs of higher weighted DRGs.
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Since teaching

hospitals tend to have higher than average case mix indices, the

compression creates an upward bias in the teaching coefficient.

e The wage index value, particularly in Model B,

is considerably

less than its expected value of 1.0 based on .72 labor-related

share.

required by hospitals in higher-wage areas.

It means that the wage index overstates the resources

Table 9:

Fully Specified Regression Results Using Average Cost Per Discharge

for All Discharges as Dependent Variable Comparing Weighted Regression Using
HCFA CMI and R2ADC as Measure of Teaching Intensity With Regressions
Substituting No Weighting, R2Beds, or Pediatric CMIs

Model A Model B Model C Model D
Variable Discharge- Facility- Discharge- Discharge-
weighted weighted weighted weighted
HCFA CMIs HCFA CMIs HCFA CMIs Pediatric
Residents-to- Residents- Residents- CMIs
ADC to-ADC to-Beds Residents-
to-ADC
Coeff T-stat Coeff T-stat Coeff T-stat Coeff T-stat
HCFA CMI 1.233 27.409 1.184 27.566 | 1.229 27 .422 1.252 38.278
Wage index .786 8.088 .498 4.386 | 0.754 7.718 .942 11.302
Teaching .210 3.522 .519 8.422 | 0.322 4.15 .171 3.355
Low-income .265 3.144 .148 1.546 | 0.267 3.195 .175 2.423
ADC .023 1.503 -.052 -4.342 ] 0.018 1.164 -.013 -1.001
Rural .096 2.444 .051 1.557 | 0.089 2.244 .064 1.907
Large urban -.068 -2.862 -.010 -.365| -0.067 -2.844 .009 .439
Proprietary -.090 -2.875 -.085 -2.893 | -0.091 | -2.923 -.118 -4.408
Trauma .005 2.81 .059 2.444 | 0.004 0.194 -.014 -.773
center
FTEs/AdjADC .163 5.418 .068 3.217 | 0.159 5.336 .114 4.436
% outlier 4.524 15.507 3.429 11.701 | 4.524 15.691 2.639 10.067
% ER .768 7.433 .773 11.256 | 0.742 7.147 .263 2.891
admissions
Intercept 6.994 72.567 7.508 | 104.321 | 7.026 72.192 7.168 88.292
r-square .7900 .6720 .7909 .8461

In Model A, all remaining explanatory variables other than hospital

capacity (ADC) are also significant. Hospitals located in large urban

areas are about 6.5 percent less costly than other hospitals and rural

hospitals are about 10 percent more costly than other hospitals. This

contrasts with Model B. When the regression is not weighted,

the
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coefficient for ADC is significant and negative and the coefficients for
large urban, rural and serving low-income patients are not significant.

In both models, the coefficient for residents-to-average daily
census is significant and positive. However, the coefficient is larger
and more significant in Model B. Cost per discharge increases 2.1
percent for each .10 increment in the resident-to-bed ratio in Model A.
It increases 5.2 percent for each .10 increment in the resident-to-bed
ratio in Model B where there is no weighting. We obtain similar results
using other measures of teaching intensity. To illustrate, we substitute
residents-to-beds for residents-to-average daily census in a discharge-
weighted regression in Model C.

e The r-squares for Models A and Model C are similar.

e The coefficient for residents-to-beds is slightly more
significant. A hospital’s cost per discharge increases 3.2
percent for each .10 increment in the resident-to-bed ratio.
The higher coefficient in Model C relative to Model A
reflects that each hospital’s resident-to-bed ratio is lower
than its resident-to-average daily census ratio.

Given the similarity of results, we report other fully specified
regression results using the resident-to-average daily census teaching
intensity measure only.

Model D substitutes the Pediatric CMI for the HCFA CMI in a
discharge-weighted regression.

e The r-square increases from .790 (Model A) to .846.

e The CMI coefficient is similar to Model A’s but is more
significant.

e The wage index coefficient increases to .942 (std. error =
.08) and is no longer statistically distinguishable from 1.0.

e The coefficient for teaching decreases from .21 to .17.

e C(Consistent with the increase in the significance of the CMI,
other explanatory variables that also serve as a proxy for
patient severity that is not explained by the case mix
classification system are less significant (low-income, %
outlier days, % emergency room admissions) or no longer

significant (trauma center)
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e The negative coefficient for proprietary hospitals increases

in size and significance.

Table 10: Fully-specified Regression Results Comparing All
Discharges, All Discharges Other Than MDC 15, and MDC 15 Discharges
Only As Dependent Variable Using HCFA CMI and R2ADC With Other
Explanatory Variables

Variable Model A All cases MDC 15 cases only
All cases other than MDC 15

Coeff T-stat Coeff T-stat Coeff T-stat
HCFA CMI 1.233 27.409 1.275 24 .567 1.072 22.125
Wage Index 0.786 8.088 0.589 7.064 0.918 6.825
Res-to-ADC 0.210 3.522 0.332 6.872 -.008 -0.085
LIP 0.265 3.144 0.402 5.267 0.115 0.979
ADC 0.023 1.503 0.031 2.507 0.057 2.606
Rural 0.096 2.444 0.038 1.194 0.046 0.815
Large urban

-0.068 -2.862 0.024 1.140 -0.099 -3.002
Proprietary | -0.09 -2.875 -0.036 -1.251 -0.188 -4.453
Trauma 0.005 2.81 -0.014 -0.809 0.020 0.694
FTEs/ADC 0.163 5.418 0.022 4.007 0.047 5.296
% outlier 4.524 15.507 0.097 .464 8.562 22.199
% ER 0.768 7.433 0.295 3.868 0.166 1.028
admissions
Intercept 6.994 72.567 7.737 101.684 6.357 51.214
r-square

0.7900 0.7035 0.7680

Given our concerns with MDC 15, we also perform separate fully
specified regressions for other than MDC 15 discharges and MDC 15
discharges only. We compare the results of discharge-weighted
regressions for these subsets of discharges with Model A in Table 10.
The facility-level variables are identical to those used in Model A.

¢ The r-squares are lower in the separate regressions than in
Model A when all discharges are included.

e The r-square for the regression using MDC 15 only discharges
is higher than the r-square for the regressions that exclude

MDC 15 discharges.
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e The CMI coefficient for non-MDC 15 discharges remains
compressed while the CMI coefficient for MDC 15 discharges is
closer to its expected value of 1.0.

e The size and significance of the coefficients for teaching
and outliers are quite different in the two regressions. For
MDC 15 discharges only, the outlier percentage is highly
significant while teaching is not. For all other discharges,
teaching is significant while the outlier percentage is not.

e The MDC 15 results are dominated by the high volume of DRG
391 cases as well as extremely costly “outlier” newborns in

other MDC 15 DRGs.

PAYER REGRESSIONS

In the payer regressions, we retain the following explanatory
variables: case mix index, wage index, teaching, outlier percentage, and
the proportion of low-income patients. We retain these variables because
they are consistently significant in the fully specified discharge-
weighted regressions and have been used by either MedPAC or the Medicare
program in regressions to estimate the IME factor.

We perform a series of regressions examining the effect of using
different measures of teaching intensity and adding additional
explanatory variables. We include only the HCFA CMI, WI, and TI as
explanatory variables in the models reported in Table 11. Model 1 uses
ln (l+residents-to-average daily census) as the measure of teaching
intensity. Relative to the Model A fully specified regression:

e The r-square decreases from .790 to .733 with fewer
explanatory variables.

e The wage index coefficient is not statistically
distinguishable from its expected value of 1.

e The CMI coefficient is 1.6 compared to an expected value of
1.0. The increase in the size and significance of the CMI
coefficient reflects the dropping of other explanatory

variables that are a proxy for patient severity.
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e For the same reason, there is an increase in the size and
significance of TI. The TI coefficient increases from .21 in
Model A to .747 in Model 1.
What is the effect of using a different measure of teaching

intensity?

Table 11l: Payer Regression Results Comparing Alternative Teaching
Measures With HCFA CMI and WI Without Controlling for Outliers Using Cost
Per Discharge for All Discharges As Dependent Variable

Model 1 Model 2 Model 3 Model 4
Variable Residents-to- | Regidents-to- Residents-to- No. Residents
ADC Beds Adjusted
ADC
Coeff | T-stat | Coeff T-stat | Coeff T-stat | Coeff T-stat
HCFA CMI 1.604 38.09 1.598 38.11 1.613 38.02 1.569 38.15
Wage .905 10.21 .859 9.487 .919 10.18 .895 10.37
index
Teaching .747 13.36 .988 13.70 | 1.008 12.82 .082 | 15.28
Intercept 7.903 356.9 7.909 364.13 7.914 360.0 7.836 330.3
r-square 7328 .7344 .7209 .7423

Table 11 compares the results of regressions using different
measures of teaching intensity along with the HCFA CMI and WI as
explanatory variables. The form of the teaching variables is 1ln
(1+ratio) . As previously noted, Model 1 uses residents-to-average daily
census as the TI measure. Model 2 uses 1ln (1+ residents-to-beds ratio).
Well newborn nursery beds are included in the bed count consistent with
the HRSA policy for counting these beds. The Model 2 results are similar
to those for Model 1. 1%

e The r-squares are very slightly higher in the Model 2
regressions.

e The TI coefficient is .988 when residents-to-beds is used in
Model 2 compared to .747 in Model 1 when residents-to-average

daily census is used. The difference is consistent with the

14 e also evaluated the effects of using the Medicare definition
of residents-to-beds that excludes well newborn nursery bassinets in the
denominator to see whether the definitional difference affects the
results. We found a slight reduction in the TI coefficient, which is
expected since the ratio of residents-to-beds is higher without well
newborn bassinets in the denominator. The r-square is also slightly
lower; therefore, we use only the HRSA definition (which includes well
newborn bassinets in the denominator) in subsequent regressions.
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resident-to-bed ratio being lower than the resident-to-
average daily census ratio.

In Model 3, the teaching intensity measure is residents-to-adjusted
average daily census.

e With the inclusion of the adjusted discharges in the
denominator of the TI measure, the coefficient is lower
relative to using residents-to-ADC (Model 1).

¢ The r-square is also slightly lower than the other models.

In Model 4, we investigate using a teaching measure based solely on
the number of residents (1ln (l+no.of residents)). This definition
appears to perform as well as the other measures of teaching intensity.

e The r-square is slightly higher than the r-squares for the
other models.

e Teaching is slightly more significant than in the other
models.

The similarity of the regression results across the alternative
teaching measures suggest that the simulation results and policy
considerations should determine which measure would be more preferable
as the basis for an IME allocation factor. As discussed in the next
section, we use the results from these regressions in our simulations of
potential IME allocation factors for the CHGME program.

What is the effect of including additional explanatory variables?

Table 12: Payer Regression Results Using R2ADC As TI Measure With HCFA
CMI and WI Comparing the Effect of Including Outlier or Low-Income
Variable As Explanatory Variable

Variable Model 1 Model 5 Model 6
Residents-to-ADC Residents-to-ADC Residents-to-ADC
Only With Outlier % With Low-income
Coeff T-stat Coeff T-stat Coeff T-stat

HCFA CMI 1.604 38.088 1.330 236.040 7.860 291.091
Wage Index .905 10.211 .644 7.869 .850 9.295
Res-to-ADC .747 13.364 .413 7.586 .704 12.379
Low Income --- --- --- --- .273 3.049
$ Outlier - --- 4.563 16.869 -———— -—--
Intercept 7.903 356.859 7.489 236.040 7.860 291.091

r-square .7328 .7802 .7335
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We report in Table 12 the results of adding additional explanatory
variables using residents-to-average daily census as our TI measure. We
include the Model 1 results to facilitate the comparisons. Model 5 adds
an outlier measure as an explanatory variable. The model is similar to
MedPAC’'s except that the MedPAC model uses residents-to-beds as the TI
measure. The outlier variable increases the r-square and makes a
substantial reduction in the TI coefficient.

e The r-square is only slightly lower than in the fully-
specified regression (.780 compared to .790).

e The TI coefficient is less significant and decreases from
.747 to .413.

Model 6 drops the outlier variable and adds a measure for serving
low-income patients. This model is similar to the one used by the
Medicare program to estimate the IME adjustment for capital PPS except
that the Medicare regression used a non-logged form of the teaching and
low-income patient variables.

e Adding the low-income variable does not improve the r-square
(.734) compared to Model 1 (.733).

e The size and significance of TI is slightly smaller in Model
6 relative to Model 1.

We use the payer regressions to estimate the IME effect on
pediatric costs per discharge after controlling for factors that payers
might be expected to take into account in paying for inpatient care. The
most likely factors other payers are likely to take into account are the
CMI and the WI. It is also highly likely that a payer is willing to pay
more for outlier discharges, i.e., discharges with an atypical length of
stay. For this reason, and because the outlier variable has a
considerable effect on the r-square, we include the outlier variable in
our remaining regressions. It is less likely that payers would take a
hospital’s service to low-income patients into account in determining
payment amounts. Since the low-income patient variable does not improve
the explanatory power of the regression (as measured by the r-square)
and is not as likely to be recognized by other payers in paying for
pediatric care, we drop the variable from the remaining payer

regressions.
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Using outliers as an explanatory variable has a similar effect of
increasing the r-square and reducing the TI coefficient when other
measures are used for TI (see Appendix Table Al2).

What 1s the effect of using different forms of the TI measure?

Table 13 summarizes the results of regressions exploring different
transformations of the TI measure. Model 5 is the regression that uses
ln (l+residents-to-average daily census ratio) as the TI measure and
includes the outlier percentage as an explanatory variable. Model 5A
uses the form 1ln (.000l+ratio) as a means of reducing the bias in the
coefficients. Model 5B uses the non-logged form of the measure. The r-
squares are similar for all three measures and there are only slight
variations in the coefficients for other than the teaching measure. The
Model S5A coefficients are lower than the Model 5 coefficients because

the scales are different.

Table 13: Payer Regression Results Comparing Effect of
Different Forms of R2ADC With HCFA CMI, WI and Outliers Using
Cost Per Discharge of All Discharges as Dependent Variable

Model 5 Model 5A Model 5B
Variable Residents -to- Residents -to- Residents-to-
ADC ADC ADC
In(l+ratio) In(.0001l+ratio) non-logged
Coeff T-stat Coeff T-stat Coeff T-stat
HCFA CMI 1.330 32.031 1.382 34.197 1.347 241 .89
Wage index .644 7.869 .729 8.994 .667 8.128
Teaching .413 7.586 .018 5.937 .251 6.842
Outlier% 4.563 16.869 4.665 16.887 4.236 | 17.427
Intercept 7.489 236.04 7.650 198.78 7.514 241.89
r-square .7802 .7766 .7780

Figure 1 compares IME factors resulting from the regression
coefficients for resident-to-average daily census ratios ranging from
.05 through 1.50. (The range of ratios for children’s teaching hospitals
in our analysis file is from .05 to 1.54.)

e The IME factors derived from Model 5 1ln (l+ratio) and Model
5B (non-logged) are fairly similar. Model 5 provides somewhat
higher IME factors.

e The IME factors derived from Model 5A are much flatter.
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Figure 1
Comparison of IME Specification Forms

8

g

u e Kfiodiet 5 fog(1+ratio)

[

Boosod . . e = = Model 5A log(.0001+ratio)
ﬁ = = = Model 5b non-logged

k=)

< 0200 +

w

=

o
3

0.000 : 4 -
H o o ) \2) o A] \] ] 0 H ]
P PP PFPFPLELELELES

Ratio of Residents-to-ADC

Model 5A would give considerably more weight to CMI and WI
differences and little weight to increases in the teaching intensity
ratio above .25 if it were used to allocate IME funds. The differences
would affect individual hospital shares of the IME fund. Since Model 5
has a slightly higher r-sqguare than the other two models, we use this
form in our remaining regressions.

How Are Results Affected by Choice of Dependent Variable and CMI?

In Table 14, we compare regression results from Model 5 with models
defining the dependent variables as the natural log of cost per
discharge for 1) other than MDC 15 and 2) MDC 15 only discharges. In the
results reported in Columns 3 and 4, the HCFA CMI is used. In the models
reported in Columns 5 and 6, the Pediatric CMI is used.

e As was the case with the fully specified regressions, the r-
squares are lower when the MDC 15 cases are treated
separately.

e When the Pediatric CMIs are substituted for the HCFA CMIs,

there is an increase in the r-squares. Other changes in the
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coefficients are in the expected directions. The CMI and wage

index coefficients move closer to their expected values of

1.0 and the teaching coefficient is smaller.

e For MDC 15 discharges,

size and significance

contrast,

discharges other than

the outlier

CMI than the HCFA CMI.

the Pediatric CMI also reduces the

of the outlier coefficient.

In

coefficient in the regressions for all

MDC 15 is higher using the Pediatric

Table 14:

Payer Regression Results Comparing All Discharges, Non-MDC 15, and
MDC 15 Discharges As Dependent Variable With HCFA CMI or Pediatric CMI, WI and
R2ADC As Explanatory Variables

(1) (2) (3) (4) (5) (6)
Variable Model 5 R2ADC R2ADC R2ADC R2ADC
R2ADC Non-MDC 15 MDC 15 Non-MDC 15 MDC 15
All Discharges Discharges Discharges Discharges
Discharges HCFA CMI HCFA CMI Pediatric Pediatric
HCFA CMI : CMI CMI
Coeff T-stat Coeff T-stat Coeff T-stat Coeff T-stat Coeff T-stat
CMI 1.330 | 32.031 | 1.299 | 29.929 | 1.118 | 24.560 | 1.165 | 32.306 | 1.119 | 32.711
Wl 0.644 | 7.869 | 0.713 |10.812 | 0.680 |5.891 | 0.802 |12.467 | .816 | 7.965
TI 0.413 | 7.586 | 0.489 | 12.056 | 0.246 |3.083 | 0.439 |[11.078 [0.179 | 2.544
Outlier$ |4 563 | 16.869 | .0355 | 1.833 | 8.852 | 24.956 | 0.530 | 2.867 | 5.727 | 16.433
Intercept |, 489 | 236.04 | 8.136 | 369.52 | 6.823 | 169.95 | 7.467 | 463.59 | 7.021 | 189.68
r-square 0.7802 .7169 0.7533 .7346 .8068

ALLOCATION SIMULATIONS

We use the regression coefficients from the payer regressions to

develop potential IME weighting factors for the CHGME fund. As discussed

above in the Methods and Data section,

for each children’s teaching hospital equal to:

WF,

= cm1P swr Pt w71 -1 ) * (wop,

or NOAD, )

the allocation weighting factor

Each hospital’s share of the IME fund equals its weighting factor

as a percentage of the total weighting factors for all children’s

teaching hospitals:

$IME, =

W, /S WF, + WF, + WF, ,,,
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We limit our simulations to Models 1-4 reported in Table 11. We do
not have the information needed to determine the outlier percentage
needed to simulate models using outliers as an explanatory variable. The
formulae that we use to develop the allocation weighting factors from

Table 11 are:

.747 .905

Model 1: WF, = CMI"® +* [(1+ R2ADC) "' -1] *WI"" * NOD

Model 2: WF, = CMI"™ * [(1+ R2Beds) ™ -1] *WI" * NOD

Model 3: WF, = CMI"®® * [(1+ R2AdjJADC)" " -1] *WI’” * NOAD
Model 4: WF, = CMI'® * [(1 + FTE residents)’™ -1] *WI’” * NOAD

For comparative purposes, we also simulate allocations based on the
current payment adjustment factors used by the Medicare program for PPS
operating payments and for PPS capital payments. We use the resulting
allocation weighting factor from the PPS operating formula as our base
model since it is the model that HRSA currently uses to allocate IME
funds. The Medicare operating formula is similar to the formulae used to
derive the allocation weighting factors from the regressions except it
assumes that the wage index and CMI coefficients are equal to 1.0, the
labor-related share is based on operating costs, and a multiplier is
applied to the IME factor.l® The formula is consistent with the way the
payment adjustments are applied by the Medicare program. The formula is
as follows:

WF, =CMI , *(WI, *.711+.289)*1.6[(l+residents-to-bed ratio ) " -

1] *NOD,

The formula for determining a potential allocation weighting factor
based on the Medicare capital adjustment factors is consistent with how
the original regression equation was specified in developing the factors
and the way the factors are applied by the Medicare program. The CMI
coefficient is assumed to be 1.0, and the WI and TI factors are not

logged. The formula for determining the weighting factor is:

.6848 .2822*ratio of residents-to-ADC)
* (e -1) *NOD ,

WF, =CMI , *WI,

15 The IME factor is the difference between the amount a teaching
and non-teaching hospital would receive holding all other factors
constant. We account for this in the IME factor by subtracting 1 from
the transformation of the regression coefficient, e.g., 1.0°"= 1.
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We perform a total of six simulations and summarize the resulting
distribution of IME funds by children’s teaching hospital
characteristics in Table 15. The current Medicare operating formula
favors larger hospitals and hospitals with a large number of residents
and/or high teaching intensity.

e Hospitals with an average daily census of 200 or more
patients account for 15% of the discharges from children'’s
teaching hospitals and receive 26% of the IME funds using
this formula.

e Those with at least 100 residents account for 47.5% of
pediatric discharges from children’s teaching hospitals and
receive slightly more than two-thirds of the IME funds under
the Medicare operating formula.

The difference between the Operating and Capital Models reflects
not only the change in the teaching intensity measure, but also a
reduction in the relative importance of teaching (with the elimination
of the multiplier) and a different methodology for applying the WI. When
these changes are taken together, the Capital Model allocates additional
funds to the larger hospitals and the larger residency programs. We
would expect to see a reduction in the share of funds received by the
hospitals with high occupancy rates because of the change from a
resident-to-bed ratio to resident-to-average daily census ratio.
However, this effect is not evident because of the other changes
occurring simultaneously with the change in the teaching intensity
measure.

Table 15 summarizes the net change in the distribution of IME funds
across hospital classes. It does not provide information on the
magnitude of the change for individual hospitals. To provide this
information, we summarize in Table 16 changes in the share of the IME
funds each hospital would receive relative to the Operating Model. For
example, if the Capital Model were used to allocate funds:

¢ The share of the funds received by two hospitals would
decrease between .25-.50 percentage points. The average

decrease for the two hospitals is -.29 percentage points.
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e Two hospitals would gain at least 1.0 percentage points. The
average gain in their share of the IME funds is 1.47
percentage points.

Assuming 2/3 of the FY2001 appropriation is allocated for IME
funds, each percentage point is about $1.56 million.

Across the remaining models, funds are redistributed among the
classes of children’s teaching hospitals as one would expect as the
allocation formula changes. Table 15 shows the net changes within the
various hospital classes are relatively small in moving from the
Operating Model to Model 2, which reduces IME to an empirically
justified level using the same teaching intensity measure (residents-to-
beds). The biggest changes in the percentage of IME funds received by
hospitals in a given category are for:

e the largest hospitals (28.2% vs. 26.3% under the Operating
Model) ,

e hospitals with the highest case mix (28.5% vs. 26.7%), and

e hospitals with at least 100 residents (70.1% vs. 67.7 % in
the Operating Model) .

As seen in Table 16, each hospital’s share of the IME fund would
change by less than 1 percentage point.

In moving from an allocation based on residents-to-beds to one
based on residents-to-average daily census (Model 1), the share of the
IME funds received by low occupancy hospitals increases and the share of
IME funds received by high occupancy hospitals decreases. Relative to
the Operating Model, 27 hospitals would receive a higher share of the
fund and 28 would receive a lower share. Each hospital’s share would
change by less than 1 percentage point.

e The share of the IME fund received by the 23 hospitals with
an occupancy rate greater than 70 percent would decrease from
57.7 % to 53.0 % if Model 1 were used instead of the
Operating Model.

¢ The share received by the 10 hospitals with an occupancy rate
of less than 50 percent would increase from 5.8 % to 7.6 %.

e On average, smaller hospitals and those with smaller

residency training programs receive a higher share of the IME
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e fund under Model 1 than under the Operating Model and Model
2.

Across the classes of children’s teaching hospitals, there is
little change in the proportion of funds received by each hospital class
between Model 1, which is based on residents-to-average daily census,
and Model 3, which is based on residents-to-adjusted average daily
census.

e The share of the IME fund received by the 17 hospitals with a
resident-to-average daily census ratio of .75 or higher would
increase from 56.9% under Model 1 to 59.2 % under Model 3.

e Two hospitals’ share of the fund would be reduced by an
average 1.77 percentage points and two others would have a
loss of more than .50 percentage point relative to the
Operating Model.

e The share received by four hospitals would increase an
average of .76 percentage points.

The potential redistributions of IME funds are the greatest under
Model 4, which uses the number of residents as the teaching measure and
adjusted discharges as the volume measure.

e The percentage of the fund received by six hospitals would
decrease on average by 2.93 percentage points; the percentage
received by another 6 hospitals would decrease between .5 and
1.0 percentage points.

e The share received by 15 hospitals would increase by .5
percentage points or more.

e The share of the IME fund received by hospitals with the
highest resident-to-average daily census ratio drops from
56.6% in the Operating Model to 42.0 %.

e The fund share of the nine hospitals with the lowest
resident-to-average daily census ratio of increases from 0.8
% in the Operating Model to 3.1%.

e The formula also shifts funds to hospitals with small
residency programs. The share received by the hospitals with

)

at least 100 residents decreases from 67.7 % to 58.9% while
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the share received by hospitals with fewer than 10 residents
increases from 0.7 % in the Operating Model to 2.6 %.

e Hospitals with an average daily census of 200 or more
patients receive 26.3% of the IME funds under the Operating

Model. This share drops to 22.3 %.

IME COST ESTIMATE

our reference model for estimating total IME costs is the IME costs
derived from the Medicare payment methodology; that is, we first
estimate what the IME adjustment would have been if the children’s
teaching hospitals had been paid under the Medicare prospective payment
system in 1997 using the current Medicare formulal®. To do so, we use
the Medicare standardized amounts for capital and operating costs and
apply the payment adjustment factors applicable to each hospital. Next,
we estimate total IME costs for each children’s teaching hospital using
the coefficients from our regression results. We use the same regression
models and coefficients that we use in our simulation models. Except for
the addition of the intercept coefficient, the formula for each model is
identical to that used to establish the weighting factors. (The
intercept was unnecessary in determining the weighting factors since it

is a constant.) For example, the formula for Model 1 is:

7.903 .747 .905

IME Cost, = e * CMI™*™ * ((1+ R2ADC) -1) *WI’” * NOD
Our results are summarized in Table 17. The average wage and CMI-
adjusted cost per discharge represents the average cost per discharge
for a non-teaching hospital located in the same geographic areas as
children’s teaching hospitals and with the same case mix. The average
IME adjustment factor is the discharge-weighted average IME factor for
children’s hospitals derived from the regression. These factors are all
considerably higher than the Medicare factor. Even though they are
applied to a lower average wage and CMI-adjusted cost per discharge, the
discharge-weighted average additional cost is higher. The per discharge

additional cost ranges from $1,650 in Model 4 to $2,774 in Model 3

16 gince the 1997 calendar year overlaps two fiscal years, we use a
weighted average of the FY1997 (.75) and FY1998 (.25) standardized
amounts for operating and capital costs applicable to the hospital’s
location in a large urban or other area.
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compared to $1,393 in the Medicare Model. The estimates using residents-
to-average daily census (Model 1) and residents-to-beds (Model 2) are
about $830 million. The aggregate IME estimates are higher when adjusted
discharges are used as the measure of hospital capacity. These estimates
are based on an assumption that teaching has the same impact on
outpatient services as inpatient services. While this is an empirical
question, our ability to analyze it is hampered by the lack of case mix
information for outpatient services. If only inpatient discharges were
used in the estimate, the total amounts would be about 1/3 lower.
(Inpatient discharges are about 2/3 of adjusted discharges.)

The IME estimate does not indicate the funding needed to “level the
playing field” for children’s teaching hospitals. However, it can
provide information on the percentage of IME costs that are subsidized
by the CHGME fund. Assuming $156 million (2/3 of $235 million) of the
CHGME funds are allocated for IME funding, the funding level would have
covered about 19 percent of inpatient IME costs using Models 1 or Model
2 and about 25% of IME costs using the Medicare model. The estimates are
based on the regression models that include only teaching along with the
HCFA CMI and WI as explanatory variables and would be lower if outliers

or a more refined case mix classification were used.

Table 17: Estimates of IME Costs of Children’s Teaching
Hospitals In 1997 Based on Regression Coefficients for Selected
Regression Models Compared to Current Medicare Formula

Average Average IME Average IME Total
WI+CMI- Adjustment Adjustment Estimated
Model Adjusted Factor Per IME Costs
Cost Per Discharge
Discharge
Medicare $5,562 25.0 % $1,393 $620 M
Model 1 $4,004 47.9% $1,877 $830 M
Model 2 $4,016 46.3% $1,862 $827 M
Model 3 $4,047 68.6% $2,774 $1,231M
Model 4 $3,698 43.0% $1,590 $1,066M
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4. DISCUSSION OF MAJOR FINDINGS

MAJOR FINDINGS

This report uses multivariate regression analysis to investigate

the effect of residency training programs on pediatric costs per

discharge using different measures of teaching intensity. The study uses

the coefficients from payer regressions to establish potential IME

allocation formulae that could be used by the CHGME program and to

estimate the aggregate IME costs of children’s teaching hospital. Key

findings include the following:

In fully specified regressions that include a full set of
explanatory variables, the teaching variable is a significant
factor in explaining differences in costs per discharge for
pediatric patients. In discharge-weighted regressions, cost
per discharge increases 2.1 percent for each .10 increment in
the ratio of residents-to-average daily census.

The inclusion or exclusion of other explanatory variables has
a significant effect on the size of the teaching coefficient.
In particular, the variable for outlier cases (defined as
atypical cases with long lengths of stay) has a strong
influence on the teaching coefficient. When outlier cases are
included in a payer regression, cost per case increases 4.13
percent for each .10 increment in the residents-to-average
daily census ratio. When outlier cases are excluded, cost
per case increases 7.47 percent for each .10 increment in the
ratio.

The regression results indicate that improvements in the case
mix index would improve the teaching estimates. When the
pediatric CMI is substituted for the HCFA CMI in the fully
specified regressions, the significance of CMI increases
while the coefficients for both the teaching and outlier

variables decrease significantly.
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e The choices between using residents-to-beds or residents-to-
average daily census as the measure of teaching intensity and
between using different forms of these measures (e.g., logged
or non-logged) do not produce marked differences in the size
of the teaching estimate. The teaching effect on cost per
discharge is lower when the number of residents is used as
the teaching measure and higher when the ratio of residents-
to-average daily census is adjusted for outpatient volume.

e The choice of teaching measure affects the distribution of
IME funds across children’s teaching hospitals. Using the
Medicare formula as the baseline, the largest redistribution
occurs when the allocations are based on the number of
residents only.

¢ The estimate of total IME costs at children’s teaching
hospitals for inpatient services only is dependent on the
other factors included in the estimate. For inpatient
services only, total IME costs are an estimated $830 million
using either residents-to-average daily census or residents-
to-beds as the teaching measure and controlling for case mix
and geographic wage differences only. This compares to $620

million using the Medicare payment parameters.

DISCUSSION AND CONCLUSIONS

From a policy perspective, the most important issue is what
methodology should be used to allocate IME funds across children’s
teaching hospitals. We believe the study results indicate that the
Medicare IME formula is a reasonable basis for allocating IME funds
under the CHGME program. For the most part, the allocations are similar
to those based on pediatric costs per case using either residents-to-
beds or residents-to-average daily census as the teaching measure.
Nevertheless, there are aspects of the methodology that warrant further
investigation. In particular, refinements in case mix measurement could
improve the estimates of IME costs and how the IME funds are allocated

across children’s teaching hospitals.
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Several areas of inquiry in this report were limited by the lack of

patient-level data for children’s teaching hospitals. The HCUP KID

database became available as this study was nearing completion and could

be used to answer several questions raised by the study.

Additional work is needed to understand the differences in
the HCFA relative weights and those derived from the
pediatric cost data. Having children’s hospitals represented
in the database would enrich the analysis. Differences in
cost structures could be accounted for by using the hospital-
specific relative value method to establish the relative
weights.

The dominant effect of the MDC 15 DRGs (and DRG 391 in
particular) on the regression results warrants further
investigation since children’s teaching hospitals have
relatively fewer discharges assigned to MDC 15. The HCUP KID
database could provide hospital-level information on the
distribution of HCFA DRGs for this analysis.

The regression results indicate using relative weights
specific to pediatric discharges improves the IME estimate.
However, we did not have the data to determine if using the
Pediatric CMIs would result in a significant reallocation of
IME funds across children’s teaching hospitals. The HCUP KID
data could be used to analyze this issue as well as the issue
of whether more refined DRGs (e.g., TRICARE/CHAMPUS or APR-
DRGs) would affect the allocation.

The regressions results were also sensitive to the inclusion
or exclusion of an outlier variable. Again, the HCUP KID data
could also be used to examine the issue of how including an
outlier variable would affect the allocations to children’s
teaching hospitals. It could also be used to examine the
impact of including other variables, such as the low-income

patient variable, in the allocation methodology.

Another area that warrants additional attention concerns outpatient

services. The simulation results indicate that switching to a teaching

measure that takes outpatient volume into account could involve
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significant reallocations for some children’s teaching hospitals. The
adjustment that we investigated for outpatient volume assumes the IME
effect on outpatient services is comparable to the effect on inpatient
services. This is an empirical question that would benefit from further
analysis. However, the lack of consistent measures of outpatient volume

and case mix will make it difficult to explore this issue in the near

future.



APPENDIX A

Table Al2:

Payer Regression Results Comparing Alternative Measures of Teaching
Variable With HCFA CMI, WI and Outliers Using Cost Per Discharge for All Discharges
As Dependent Variable

HRSA Residents-to- No. Residents
Variable Residents-to-ADC Residents-to- Adjusted ADC
Beds
Coeff Coeff Coeff T-stat Coeff T-stat Coeff T-stat
HCFA CMI 1.330 32.031 1.315 31.735 1.339 31.943 1.343 32.958
Wage index .644 7.869 .598 7.264 .670 8.031 .672 8.300
Teaching .413 7.586 .585 8.418 .563 3.522 .043 7.800
Outlier% 4.563 16.869 4.545 17.038 4.524 15.507 4.304 15.216
Intercept 7.489 236.04 7.487 237.21 6.994 72.567 7.487 236.17
r-square .7802 .7823 .7697 .7807
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