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|. Introduction

After nearly a decade of double-digit rates of growth in Medicare expenditures for skilled
nursing facility (SNF) services, the Balanced Budget Act (BBA) of 1997 mandated that the
program’ s cost-based, retrospective reimbursement policy for SNFs be replaced by a prospective
payment system (PPS). Initiated in 1998, the Medicare SNF PPS established a prospectively
determined per-diem payment rate for SNF patient care— adjusted for case-mix, area wages,

urban or rural status, and changes in input prices.*

The SNF PPS has generally accomplished its major objective of curbing Medicare
spending growth for SNF services. The new system provides afull range of SNF servicesto
Medicare beneficiaries while allowing providers more flexibility in their use of Medicare funds.
In addition, studies of the impact of the SNF PPS do not currently indicate systematic problems

with beneficiary access or quality of care (Maxwell, et a. 2003).

Despite its accomplishments, stakeholders and policy analysts express varying degrees of
concern over three aspects of the existing SNF PPS: (1) the ability of the current patient
classification system to adequately account for cost variations of non-therapy ancillary (NTA)
services, such as prescription medicines; (2) the basis of payment for rehabilitation therapy
services on the amount of services used, rather than on expected need as reflected by patient
characteristics; and (3) the ability of the relative payment weights for nursing services to reflect

current care practices.

1 A market basket index is applied which accounts for changes over timein the prices of an appropriate mix of
goods and services included in covered SNF services.



Seeking possible improvements in the SNF PPS, Congress passed a provision in the 2000
Benefits Improvement and Protection Act (BIPA) requiring that the Centers for Medicare and
Medicaid Services (CMS) conduct research to assess potentia refinements and alternatives to the
existing payment system. In response to the Congressional mandate, CM S is funding a multi-
year study conducted by analysts at the Urban Institute, University of Colorado, University of

Michigan, and Harvard University.

In the first three years of the study, we conducted extensive research to identify
determinants of Medicare SNF costs. We analyzed data from multiple sources, including SNF
and prior hospital claims, minimum data set (MDS) assessments, and SNF cost reports. Our
findings fostered development of multiple patient classification models for different cost

components, including NTA services and rehabilitation therapy services.

Our initial research findings were discussed previously in two interim reports. The first
report published in 2003 described the development of the current PPS, analyzed the main issues
with the SNF PPS, and assessed the literature to date regarding the SNF PPS' impact on patient
access to SNF services, patient outcomes, and providers financial performance under the new
payment system (Maxwell, et al. 2003). The second report published in 2004 identified
determinants of Medicare SNF costs and devel oped person-level classification models of SNF
patients’ costs (Urban Institute, 2004). In addition, severa Technical Advisory Panel (TAP)

meetings were held in order to obtain input and suggestions for further study.

This report offers potentia public policy options to refine Medicare’ s payment of SNF

services, by developing five specific patient classification models. Three of the models classify



patients according to NTA costs. Thefirst two of these are extensions of prior research
supported by CMS (Abt Associates, 2000), using data only from SNF claims and MDS to model
total NTA costs. We refer to these as RUG-based models. The third model takes a new
approach to classifying patients according to components of their NTA costs (i.e., drugs,
respiratory services, other), using datafrom prior hospital stays aswell as SNF claims and the
MDS. Werefer to thisas New Profile NTA (NP-NTA). The fourth model, also totally new, was
developed to predict patients' need for rehabilitation therapy services, so payment for therapy
services could be based on patient characteristics than on the actual use of therapy services. We
refer to this as New Profile Rehabilitation Therapy (NP-Therapy). The fifth isadiagnostic
related group (DRG)-based model addressing total (including nursing) costs of SNF care.
Associated DRG-based models for NTA and rehabilitation therapy components were also

developed under this classification strategy.

We aso developed various outlier payment options to address unforeseen or
extraordinarily costly cases. Such policies can be applied to the existing SNF PPS or in

conjunction with any of the five patient classification models that we devel oped.

It ispossible to “mix and match” the different classification models with the outlier
policy choicesin order to produce further options for improving the SNF PPS. For example, any
of the NTA models could independently address the perceived problems of inadequate
accounting for the distribution of NTA costs; yet if paired with the NP-Therapy mode, the newly

acquired model could address the rehabilitation therapy fee schedule problem as well.



The analysis we present offers an empirical investigation of the SNF PPS system
currently in place, highlighting potential areas of improvement at the policy level. In brief,
Chapter 11 of this report provides background on the Medicare SNF provider reimbursement
policies, and three key areas for potential improvement within the current SNF PPS. Chapter I11
briefly describes the data sources and methodological issues. A more thorough explanation of the
data and methodology used, in addition to figures and tables supporting the claims herein, can be
found in the Appendix to this report. Chapters 1V through VI discuss the five patient
classification models that potentially constitute the “building blocks’ for improving the SNF
PPS. Chapter VII compares the pros and cons of the five models. Chapter V111 discusses and
simulates options for implementing an outlier payment policy. Chapter I X concludes the report

with adiscussion of the research and policy implications of our work.



Il. Background

In this chapter, we first discuss Medicare’ s SNF payment policies and spending trends
leading to the Balanced Budget Act of 1997. We then describe the RUG-I111 classification
system, the basis for adjusting for case-mix in the SNF PPS that was implemented in response to
the BBA mandate. Finally, we review three areas for potential improvement in the SNF PPS, as

noted by some policy analysts, providers, and consumer groups.

Until the mid 1980’s, SNF services accounted for only a small percentage of total
Medicare expenditures and were generally viewed as cost-effective and less intensive
alternatives to extended acute-care hospital stays. After implementation of Medicare' s acute-
care hospital PPSin 1984, however, Medicare expenditures for SNF services began to grow
rapidly. Between 1990 and 1996, for example, Medicare payments for SNFs rose from $2.5
billion to $11.7 billion. The rapid increase catalyzed concern among policy makers that use of
these services had become excessive and did not necessarily improve the health of Medicare
beneficiaries. Acting on these concerns, Congress enacted provisionsin the 1997 BBA

mandating that, in the future, Medicare SNF services should be paid under a PPS.

A. Reimbursement Policies

Prior to the BBA, Medicare reimbursed SNFs on three different bases, depending on
three components of costs. In general, routine operating services were paid on an actual cost
basis up to a per diem limit, ancillary services were paid on areasonable cost basis, and capital

was paid on a pass-through basis. Separate cost limits applied to hospital-based and freestanding



SNFs, and between urban and rural SNFs.? New providers were exempt from these limits for the
first three years of operation. In addition, facilities could receive exception payments if they
could demonstrate that their Medicare patient case-mix was sufficiently higher than average to

warrant higher payments.

In the early 1990’ s, therapy and non-therapy ancillary service costs constituted a growing
share of SNF expenditures and amounted to about half of all SNF payments by 1995. Thistrend
was certainly not surprising, since ancillary services were not subject to per-diem cost limits.
Most ancillary services were reimbursed under Medicare Part A. If patients were not covered by
Part A or if they were not directly furnished by the SNF, some ancillary services could be
reimbursed under Medicare Part B. A study conducted by The Healthcare Financing
Administration estimated that in 1992, approximately 15% of therapy charges provided to SNF
patients were billed to Part B (Liu 1993). In general, discontinuitiesin Part A and Part B
accounting systems meant that Medicare could not readily monitor total program spending for

SNF patients.

The 1997 BBA mandate moved SNFsinto a per diem PPS that covered routine, ancillary,
and capital costs—including items and services for which payments had previously been made
under Part B, with afew exceptions (e.g., physician and psychologist services). From the 3-year

transition period (1998-2001)° to the full implementation of the PPS, SNFs received payment

2 Low volume SNFs (i.e., those with less than 1,500 Medicare daysin ayear) could elect to be paid at arate equal to
the lesser of the relevant limit or 105 percent of mean operating and capital costs of all (both hospital-based and
freestanding) facilitiesin their region. This option was implemented to lessen the administrative burden on low use
SNFs, with the goal of increasing access to SNF care for Medicare beneficiaries.

3 The transition applied to facilities with cost reporting periods beginning on or after July 1, 1998 through cost
reporting periods beginning on or after July 1, 2000.



derived concomitantly from: (a) a case-mix-adjusted Federal rate; and (b) afacility-specific rate
based on the facility’ s historical costs. Thisblend steadily changed over the three year period in
away that weighted the Federal rate more heavily; payments reflected 25% of the Federal ratein

thefirst year, 50% in the second year, 75% in the third year, and 100% thereafter.

The Federa rate, which became the full Medicare payment rate after 2001, was set at a
level equal to aweighted mean of freestanding facility costs plus 50% of the difference between
the freestanding mean and a weighted mean of all SNFs' (hospital-based and freestanding) costs.
Separate rates were derived for SNFsin urban and rural areas, and further adjustments were
made for case-mix and geographic variations in wage rates. The Federal rates were also adjusted
to account for afacility’ s case-mix using the resident classification system, RUG-III.

Subsequently, exception payments for case-mix were eliminated from the Federa rate.

B. RUG-III Classification System

The Resource Utilization-111 model (RUG-111) was developed by Fries and colleagues
(1994) based on a sample of 7,658 Medicare, Medicaid, and private-pay patientsin 202 facilities
across seven states. RUG-II1 isahierarchical classification system with a structure that has

forty-four groups falling into seven major categories:

» rehabilitation (14 final RUG-1I1 groups)
* extensive services (3 groups)
» gpecia care (3 groups)

» clinicaly complex (6 groups)



e impaired cognition (4 groups)
» behavior problems only (4 groups)

* reduced physical function (10 groups)

Virtually all Medicare SNF patients fall into thefirst 4 categories. In 2001, almost 79%
of patient days were in the rehabilitation category, over 7% were in extensive services, and about
6% were in special services and clinically complex categories, respectively. The remaining three
categories describe patients with primarily physical or cognitive disabilities, who generally do

not constitute a significant part of the Medicare SNF population.

During the RUG-111 development process, patients in the rehabilitation category were
found to be the most resource intensive or costly; thus, that category became the foremost or
highest category in the RUG-III hierarchy. This category is described mainly by the amount and
use of physical, speech, and occupational therapy, and is further split into five sub-categories,
which range from requiring a high of 720 total therapy minutes per week to alow of 45 minutes
per week. The extensive services, special care, and clinically complex categoriesinclude
patients who require NTA services such as IV medications, respiratory therapy, skin ulcer or
surgical wound care, or care for other conditions such as pneumonia or dehydration. Patientsin
any of these categories may also concomitantly receive therapy , but at alow enough level that
would not qualify them for one of the rehabilitation categories. Across most RUG-III
categories, patients are divided into afinal classification group based on their performance on an

index of four Activities of Daily Living (ADLS): eating, toileting, bed mobility, and transferring.



C. Areasfor Potential Improvement in the Existing SNF PPS

With varying degrees of consensus by issue, stakeholders and policy analysts, as noted,
have identified three areas for potential refinement of the current SNF PPS. First, RUG-I1I does
not adequately adjust for variations in costs of services, such as prescription medicines. Second,
payments for rehabilitation therapy services (physical therapy, occupational therapy, and speech-
language pathology services) are contingent upon the amount of service rendered, rather than on
expected need based on patient characteristics. Third, the payment weights utilized for nursing
services are based on specia studies that may not reflect current care provisions. We briefly

discuss these three issuesin turn.

Non-Therapy Ancillaries

When the RUG-I11 system was first developed, NTA costs were not alarge component of
the costs of carein SNFs. But as the costs of prescription drugs and other NTA services have

grown, they have become a larger component of SNF costsin recent years.

To this end, a potential improvement in the SNF payment system lies in modifying the
current case-mix classification system to better reflect variationsin NTA costs. At present, NTA
payments in the SNF payment system are allocated across RUG-I11 groupsin the same relative
manner as that for nursing payments. While NTA resource use is somewhat correlated with the
RUG-I1I nursing weights, it now varies dramatically more than nursing resource use—18-fold

for SNF patients NTA costs per day versus 2-fold for the RUG-I11 nursing component payment



weights. Asaresult, the RUG-I11 system explains only about 5% of the variation in NTA costs

among SNF patients (Kramer, et al. 1999, Abt Associates 2000, Liu, et al. 2002, Fries 2002).*

Therapy Payments Based on Care Used

Payment for rehabilitation therapy services under the current SNF PPS is based on the
number of minutes of therapy, by therapy discipline, ordered by providers. This amount
depends, in turn, on provider expectations, rather than on established relationships between
patients’ clinical and functional characteristics and the amount of therapy services needed.
Accordingly, the therapy component of RUG-II1 functions more like a fee schedule than a
traditional PPS. The implementation of a “fee schedule-like” mechanism for rehabilitation
therapy evolved, in part, because of adesire to ensure adequate provision of therapy serviceto all
recipients. In addition, prior research of nursing home patientsin general suggested difficulty in
finding health status or functional status characteristics that adequately explain therapy furnished

to patientsin nursing facilities.

This fee-schedul e aspect of the SNF PPS has advantages and disadvantages. First,
providers like the certainty of this aspect of the SNF PPS. In addition, the nature of this payment
component helps ensure that services were actually provided when payments were made for
rehabilitation therapy. Finally, because this system controls unit price rather than utilization of
rehabilitation therapy services, it is viewed positively by some observers concerned about the

general shortage of such servicesin nursing facilities.

* A more detailed review of variance explanation studies of the RUG-I11 system is presented in Appendix 11-1 of the
report and Maxwell, et al., 2003.
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However, provider discretion to classify patientsin a given rehabilitation group enables
them to respond rapidly to changing payment policies in ways that appear related more to
financial considerations than patient needs. The total payment rates for the rehabilitation groups
are generally the highest of the RUG-I11 groups, creating strong incentives to assign patients to
the rehabilitation category. For example, most patients are in the “medium” and “high”
rehabilitation groups in RUG-I11, which are the most profitable ones on a payment-per-minute of
therapy basis. Studies (GAO 2002a) have shown that Medicare patient placement rates in these
groups increased after the temporary payment add-ons were legislated by Congressin the years

after the BBA.

Developing PPS Payment Weights. The Staff-Time Measurement Method

A third areafor potential improvement in the SNF PPS relates to its method of deriving
payment weights, which are based on a modern variant of industrial time and motion studies.
This approach entails measuring the number of minutes that nurses, nurse aides, therapists, and
therapist aides spend in caring for nursing home patients, and using these measures as the
dependent variable in the RUG-I 11 classification system. In these studies, field researchers
measure staff time use over the course of aweek for individuals in the study samples. A key
advantage of this staff time measurement method is that it captures the resource consumption of
nursing care at the individual person level. In analyses leading to the staff time weights of the
existing RUG-I1I1 classification system, for example, the amount of explained variance in staff

time was approximately 50% (Maxwell, et al. 2003). The principal limitations of such studies,
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however, are that they require considerable time and money to conduct, and, perforce, can only

reasonably study alimited number of patients.

In contrast to the SNF PPS, Medicare' s other PPSs establish payment weights using
routinely collected administrative data, such as charges for individua patients care. This
traditional method has several advantages. most notably, the ability to use the entire Medicare
patient popul ation as a data source in devel oping both the payment weights and the classification
system; the ability to capture all resource consumption, including prescription drug costs; and the
ability to be easily recalibrated with more recent cost and charge data once the PPSisin place.
Because the nursing component of resource use is only available at the facility level, this
approach is most useful when nursing care is arelatively small proportion of total resource use.
In the case of Medicare SNF services, however, nursing care is alarge share of total resource
use. Furthermore, measures of average nursing cost per patient obtained from administrative data
are generally more indicative of non-Medicare rather than Medicare patients, since Medicare

patients generally constitute only a small proportion of total patients in nursing homes.

In sum, the three primary areas of interest listed above were our primary focus for
refinement research efforts. The growth in NTA costs highlight the importance of refining the
SNF PPS' ahility to capture the costs of patients with high NTA service needs, including drug
and respiratory therapy. At the same time, the large proportion of patientsin the rehabilitation
therapy category raises questions on whether the SNF PPS encourages provision of too much
therapy, particularly in light of the absence of clinical knowledge on the appropriate amount of
therapy that should be provided to achieve optimal outcomes. The potential need for rebasing

the SNF PPS al so encourages a focus on making greater use of routinely collected information
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on Medicare patients—including SNF claims, patient assessments, and claims from SNF

patients’ prior hospital stays.
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I11. Data and Methods

This chapter briefly describes our data sources and methodol ogical approaches. More
detailed information can be found in the Chapter 111 Appendix. First, we describe the data
sources and creation of the 2001 SNF analysisfile. Second, we address the selection of units of
observation, and describe our approach for dealing with timing inconsistencies between clams
data on costs and MDS data on patient characteristics. Third, we briefly describe the dependent
and explanatory variables examined. More details are included in the subsequent chapters that
address the specific patient classification models. Fourth, we highlight analytical issues that
have implications for al classification models. Finaly, we highlight our criteriafor statistical

evaluation of the different models.

A. Data Sources

The principal data source for this study isthe 2001 Data Analysis PRO (DataPRO) file.
Thisfile consists of Medicare SNF stays that are linked with minimum data set (MDYS)
assessments, as well as information merged from the qualifying (or prior) acute care hospital
stays. DataPRO wasiinitially created to facilitate amedical review process of Medicare SNF
patients and contains nationally representative information on Medicare SNF stays. About two
million such stays occur each year. The DataPRO file contains information on patients' primary
and secondary diagnoses, cognitive status, functional status, nutritional status, periods of service
use, procedures, incurred provider charges, and other information from the SNF and prior

hospital stays. We enhanced the DataPRO stay records with additional information from
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Medicare claims, including charges for specific types of services (e.g., respiratory therapy,
prescription medicine) used during the SNF stay and the prior hospital stay. Medicare claims
datafrom the qualifying hospital stay provided diagnosis codes, as well as indicators and charges
for anumber of services. To the extent that these services must be continued in the SNF and that
some services, such asintensive care unit (ICU) stays, by definition identify sicker patients,
information from the qualifying hospital islikely to be highly predictive of costs for the SNF
stay.

We also used data from the cost reports that M edicare-participating SNFs submit
annually to fiscal intermediaries. Among other things, these reports itemize Medicare-related
costs and charges for routine and ancillary services, and costs of capital. We used SNF cost
report data to derive routine costs and the ancillary service cost-to-charge ratios (CCRs) used to
convert ancillary service charges from claimsto estimated costs. Because charges for routine
services (e.g., nursing, accommodations) are not generaly differentiated on patients' claimsin
the same facility, we assigned the per diem routine costs of a patient based on each SNF's

reported routine service costs in the cost reports.

The analysisfile for this study is a combination of the DataPRO file, which we enhanced
with additional variables, and information derived from Medicare cost reports. Because both the
claims and cost report information are necessary to alow usto estimate ancillary costs from
claims, the analysisfile contains 2001 SNF stays that: (a) have cleanly matched MDS
information on patient characteristics; (b) come from facilities with 2001 cost reports; (c) have

consistent claims information on SNF and hospital services not captured by DataPRO; and
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(d) haveinternally consistent information from the multiple data sources. Appendix I11-1

provides further detail regarding the construction of the analysisfile.

B. Samplesand “Base Case” Facility and Stay Data Exclusions

After dataexclusions, the original analysis file contains approximately 1.7 million
Medicare SNF staysin 2001, with about 600 variables. Because of the enormous size of thisfile,
we selected a 10% random sample of stays for the purpose of developing case-mix classification

models. We refer to this as the “test sample.”

Table lll.1 Number of Cases Remaining after Specific Initial Edits

Reasons for Exclusion of Stays Remaining Numbers
Total SNF stays in 2001 DataPRO 2,114,797
1. “Integrity Problems and Non-Medicare coverage” 1,900,036
2. Unavailability of MDS assessments 1,778,059
3. Mismatch of the DataPRO stays and supplemental claims data 1,768,761
4. Matching with cost report information and wage-index file 1,722,987
5. Other exclusions 1,709,736

A second sample was drawn for validation and facility-level analyses. A random 10%
sample of facilities was identified and all staysin those facilities were included in the second

sample. Werefer to this sample as the “validation sample.”
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Application of cost to charge ratios

Because of our interest in examining different levels of aggregation for ancillary services,
information was “built up” to the desired levels. For example, the sum of department specific
costsfor NTA services and the sum of department specific charges for NTA services were used
to construct the cost to charge ratio for all NTA services (rather than using the “total” cost and

charge fields on the cost reports).

Because a major focus of this study aims to develop patient classification viaNTA costs,
we also disaggregated NTAs into more detailed components. (1) drugs, (2) respiratory therapy,
and (3) al other NTAs. Intheanalysis, we examine the CCRs for those three components of

NTASs, aswell asfor: (4) total NTAS, (5) rehabilitation therapy, and (6) total ancillary services.

The number of staysin each sample before and after the base-case exclusionsis givenin

Tablelll.2.

Table Ill.2: Number of SNF Stay Observations in the 10% Stay and 10% Facility/Stay
Analysis Samples

10% Stay File 10% Facility/Stay File
(N) (N)
Before exclusions 170,774 177,960
After facility exclusions 167,113 174,263
After stay exclusions 163,738 170,783

C. Analysis

Because preliminary anayses indicated that a much higher proportion of the variance in
costs per diem could be explained than of costs per stay, we focused our analysis on costs per

diem. Inseveral analyses, we also compared explanatory models in terms of their ability to
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explain charges per day relative to costs per day. We believed that this type of comparison
would be particularly informative, given the wide range of CCRs cal culated from the cost
reports. In al our analyses, we adjusted the SNF labor share of the cost and charge variables by

the areawage index CMS usesin its hospital and SNF payment systems.

D. Explanatory Variables

For the analysis of SNF costs and charges, we obtained explanatory variable data from
four sources. the DataPRO stay files, the MDS, additional datafrom the SNF claims, and prior or
qualifying hospital claims. The potential explanatory variables included demographics, primary
diagnoses, service indicators, comorbid conditions (i.e., secondary diagnoses), functional status
indicators, and facility characteristics. Some variables, such as clinical diagnoses, were obtained

from multiple sources.

TableI11.3illustrates the types of variables that we examined. The average age of SNF
patients was eighty-years-old and two-thirds of the patients were female. Congestive heart
failure, diabetes, and chronic obstructive pulmonary disease were common diagnoses among
SNF patients, with each diagnosis recorded in approximately one quarter of the cases. The
patients were also medically complex; nearly 60% of the sample possessed five or more
comorbidities; more than one-third (35.7%) of the patients were cognitively impaired; and about
50% of the sample had one or more dependenciesin Activities of Daily Living (ADLSs). In 2001,
the average SNF stay was 24.3 days, and the average duration of the prior hospital stay was 9.2

days. More than one-fifth (21.1%) of the SNF patients had been in intensive care units (ICU’s)
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in their prior hospital stay. Most (78.7%) of the SNF stays were in facilities located in

metropolitan statistical areas (MSAS) and 23.4% were in hospital -based facilities.

Table IlIl.3: Average Characteristics of SNF Patients, 2001

Age 80.0 years
Female 65.9%
Congestive Heart Failure 26.6%
Diabetes 23.7%
Chronic Obstructive Pulmonary Disease (COPD) 23.6%

5 + comorbidities 58.3%
Cognitive Impairment 35.7%

Totally Dependent in Function

1+ADL 49.3%
3+ADL 28.7%
Duration of Stay 24.3 days
Duration of Prior Hospital Stay 9.2 days
ICU usein Prior Hospital Stay 21.1%
In MSA SNF 78.7%
In Hospital-Based SNF 23.4%
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E. Analytical Issues

A number of important analytical issues surfaced over the course of our research that

have implications for all the specific approaches we explored:

Coding of Diagnoses

We discovered in prior research (Urban Institute 2004) that it is advantageous to analyze
the relationship between patient diagnoses from claims data and SNF costs using projections
from the prior hospital stay rather than the SNFF stay. There are two important reasons for this
conclusion. First, freestanding SNFs often fail to code secondary diagnoses on the claims, since
secondary diagnoses do not influence Medicare SNF payment. On the contrary, hospital-based
SNFs seem to follow the inpatient pattern of coding such diagnoses more frequently, even
though these codings do not affect their SNF payments either. Because of this difference,
measuring comorbidities with SNF diagnoses would “ short change” freestanding SNFs. Using
diagnosis information from the prior hospital stays makes freestanding and hospital-based SNFs
comparable in coding practices regarding secondary diagnoses. Second, hospital-based SNFs
often (one-quarter of cases) record the code “rehabilitation” as the primary diagnosis for the SNF
stay, whereas freestanding SNFs rarely use thiscode. In analyses of costs, therefore, the
prevalent code of “rehabilitation” would function as a proxy for hospital-based SNF status,

thereby introducing a distorting “facility characteristic” determinant of patient costs.
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Ambiguity in the Meaning of MDS Service Use

Some of the MDS questions are posed in terms of “the past 14 days.” That isto say, for
certain assessments (e.g., 5 day), service could have actually been delivered during the prior
hospital stay rather than the SNF stay. For example, we found that about half the SNF patients
had received intravenous (1V) medicationsin the past fourteen days. Such a high proportionis
simply implausible for patients during an SNF stay—a hypothesis that was confirmed when our
comparison of the MDS responses on IV medications for Medicare SNF and prior hospital stay
claims found avery large discrepancy between the two sources. Because we cannot necessarily
attribute use of particular services recorded from the MDS to actua use in the SNF, we define IV
medi cation use as occurring in the SNF only if both MDS and SNF claims indicated some V-

related activity.

The Small Size of the Medicare Sharein Most SNFs

Because Medicare revenues are only a small share of total revenues for freestanding
SNFs, the overall costs and practice patterns of those SNFs tend to reflect those of non-Medicare
patients. To the extent that care provision between Medicare and non-Medicare differ, the
amount or type of services provided to Medicare patientsis likely to be constrained by facility
resources more readily available to non-Medicare patients. Thus, for a given set of patient
characteristics, associated costs may have a considerable range more because of facility

characteristics than because of patient need.
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F. Statistical Evaluation of Models

This section describes the general features of the models used in each patient
classification approach and the minimum common set of statistics that are reported and used to

evaluate each approach. Further discussion and technical detail is provided in Appendix 111-2.

Patient Stay-L evel Models and Statistics

Classification systems used in a PPS should be able to account for areasonably high
proportion of the predictable variation in a provider’s patient care costs due to clinically
meaningful differencesin patient characteristics. To the extent that a classification system does
not sufficiently meet this goal, provider incentives to select patients according to risk may
increase. Predicting variation in costs that is due to clinically inappropriate variation (e.g.,
provider inefficiencies or regional practice patterns not related to best practices) is not desirable.
In other words, higher predictability of cost variation is generally considered better, aslong asit
isthe“right kind” of variation. The unit of payment currently used for SNFs under Medicareis
based on per-diem patent care cost. Thus, a classification system should explain sufficient

appropriate variation in costs per day at the person level.
The general form of the stay-level model is:

f(wage-adjusted cost per day;) = g(patient classification system variables),
where f and g are functions and i denotes a patient stay. We leave the functional form arbitrary

because models may be estimated in avariety of ways, including linear regression on costs,
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linear regression on the log of costs, two-step regression, and classification and regression tree

anaysis (CART).

CART (Classification and Regression Tree Analysis)

Traditional regression models have disadvantages. They require assumptions about
the parametric functional relationship between resource use and explanatory variables, such as
patient age. For instance, resource use may not change much for stays by patients ages 65-80
years, but may increase drastically for stays by patients over 80-years-old, a non-parametric
relationship not captured in the regression model. They also do not identify interactions between
explanatory variables, unless specified a priori. For example, a person with anemia may only
require expensive drugs in the presence of renal failure, an interaction. In estimating resource

use for SNF stays, both issues may be of concern.

A regression tree approach allows these types of relationships to be more effectively
modeled by searching for partitions or split pointsin the variables. In the age example just
mentioned, the model would look for the best partition (in terms of minimizing unexplained
variation) of age, in this case, 80-years-old. A CART model searches among all variables and
split points recursively, creating ever more complex interactions. It first selects abreak in the
values of avariable that resultsin the highest amount of variance explained. It then progressesin
this manner to continue making breaks in the variables until no further gain is obtained in
variance explanation. The output of a CART analysisisa“tree” with multiple branches, and

“endpoints’ or buckets representing the interaction of the variables that led to those endpoints.

23



The drawback of regression treesis the tendency to ‘overfit’ the data. While the splits
and subgroups may be informative regarding interactions between explanatory variables, the
high order interactions produced through recursive splitting may not fit the population of interest,

but instead be an artifact of the sample.

R-squared

The R-squared statistic reported for each model tells us what share of the variation in the
dependent variable (e.g., costs per day) can be accounted for by the patient classification system.
In linear regression models, the usual R-squared is reported (explained sum of squares/ total sum
of squares). For two-step or uncentered models (where the average predicted cost is not equal to
the average actual cost) and for out-of-sample predictions, we report the R-squared as computed
by aregression of the actual cost on the predicted cost. In comparing models with the same
dependent variable but different sets of explanatory variables, so long as the cost variation being
explained is actually attributable to clinically appropriate patient characteristics, the

classification system with the highest R-squared is preferred, all else equal.

R-sguared is an overall, or summary, measure of predictive ability. Two models with
similar R-sgquared could differ in how well they predict cost for high cost patients versus low cost

patients. We can obtain more detail from measuring sensitivity.

Sengitivity

Sensitivity measures how well the classification system can correctly predict high cost

casesto be high cost. We define high cost cases for this purpose as cases in the highest 10% of
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costs. Sengitivity is calculated as the percent of casesin the highest 10% of actual costs that are
also in the highest 10% of predicted costs. As such, the sensitivity measurestell usthe

probability that the most expensive stays will be paid at the highest payment rates under a given
classification system. All else equal, a more sensitive classification system will be lesslikely to

create incentives for providers to select against the most costly patients.

Standard Deviation of the Relative Weights

A patient classification system yields a set of predicted costs that depend on patient
characteristics. Relative weights (also called relative values) measure the costliness of a patient
type relative to the average patient. Relative weights are constructed by dividing the predicted
cost for a particular type of patient by the average actual cost (or average predicted cost).” The
relative weights have a mean of 1.0 in the sample from which they are derived. They normally
have an average close to, but not exactly, 1.0 when applied to broad groups out-of-sample. For
each of the base case models, we report the standard deviation of the relative weights, which
provides an indication of the extent of variability of the payment rates that will result from a

particular payment system.

Validation Out-of-Sample

The base case models are estimated using the test sample. For out-of-sample validation,
the results of these models are then applied to the validation sample. The evaluative statistics are

reported for both the test and validation samples for each model. Out-of-sample validation

® The average actual cost and average predicted cost are the same in one-stage regression models that contain a
constant term.
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mimics the way classification systems are used in practice, whereby payment rates developed
from older data are used for determining current payments. Large differences between test
sample and validation sample results may indicate substantial over-fitting of models to the data

in the test sample.’

Facility-Level Models

Effective classification systems should also be able to account for variation in costs
across facilities that are attributable to variation in average patient case-mix characteristics.
Facilities may have high average costs due to a more severe or complex patient mix, perhaps
because they are well equipped to treat such patients. Facilities with a more severe case-mix
would be penalized if the patient classification system does not reflect these differences such that
financial losses on high-cost patients sufficiently offset gains from low-cost patients (MedPAC
1999). Differencesin facility payment levels due to case-mix differences should both explain

and be proportional to facility differences in average costs per patient day in SNFs.

We estimate facility-level cost models to address these issues, examining how facility
costs vary with case-mix-adjusted payments and other facility characteristics. We use the
validation sample for this purpose. Stay-level costs are averaged, weighting by Medicare

covered patient days, to construct the average cost per patient day in each facility.

® Because the statistics presented for the validation sample provide a more realistic appraisal of the statistical
properties of the classification system, we rely on the validation sample resultsin comparing the different
approaches.
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Facility Case-Mix I ndices

Facility case-mix indices (CMIs) summarize the costliness of afacility’s patient case-mix
as captured by a particular classification system. CMIs are constructed by averaging the (out-of-
sampl e predicted) relative weights of the stays within each facility in the validation sample. The
average CMIs are weighted by the number of covered days for each stay. At the facility level,
CMIs are recentered so that the means of the CMIs across all facilities are equal to 1.0. We
estimate facility-level models by regressing the log of facility average costs per day (unadjusted
for areawages) on a constant, the log of the CMI, and, possibly, on a set of control variables,
which varies according to the model specification. We estimate and report three specifications

using the base case from each classification approach:

CMI-only model:

log(Facility cost per day) = o + fi*log(CMI) + &
Payment model:

log(Facility cost per day) = 5 + x1*log(CMI) + »*log(WIF) + y5*Urban + &
Fully-specified model:

log(Facility cost per day) = & + a*log(CMI) + &*log(WIF) + d3* Urban + Xoy + &3,

The CMI-only model contains no control variables except for a constant term. The
payment model adds the log of the area wage index factor (WIF) and an urban facility indicator
as control variables, because these two variables are currently accepted as valid facility
characteristics for which SNF payments should be adjusted. The “fully-specified” model adds

control variables, denoted by X, for number of beds (0 to 9 beds, 10 to 19 beds, 20 to 49 beds, 50

27



to 99 beds, with 100+ beds as the excluded category); being a hospital-based facility; ownership
type (voluntary/nonprofit, for profit-other, and government, with for profit-chain as the excluded
category); and percent of SNF patient days paid by Medicare. These additional variables are
expected to correlate with facility costs and may be correlated with the CMIs and unobserved
aspects of patient case-mix; however, they are characteristics that are not considered appropriate

to use in adjusting SNF costs per se.

Facility-Level Model R-squared

The R-squared of the CMI-only model indicates the maximum share of variation in (log)
average SNF costs per day that can be attributed to facility case-mix as measured by the
particular classification system. This measure can be compared across different classification
systems for the same cost component. It is also informative to examine how the R-squared value
changes as additional explanatory variables are added. The change in R-squared from the CMI-
only model to the payment model summarizes the potential contributions of further payment
adjustments for area wage levels and urban status. The change in R-squared from the payment
model to the fully-specified model summarizes the unique contribution of the other facility

characteristics that are considered inappropriate for payment adjustment in explaining SNF costs.

The CMI Coefficient and CMI Compression

The CMI coefficient (i.e., the regression coefficient on the log (CMI) variablein a
facility-level model) measures the percent change in expected facility costs associated with a

percent change in the CMI (and, thereby, its average relative payment rate per patient day due to
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case-mix). Theidea situation isfor the CMI coefficient to be 1.0, indicating, for example, that
a10% higher CM1 is associated with 10% higher costs. When the CMI is proportional to

expected costs, facilities are paid in proportion to the higher cost associated with a higher CMI.

The situation that arises with a CM| coefficient that is greater than 1.0 iscalled “CMI
compression.” If, for example, the estimated CMI coefficient is 1.25, afacility whose CMI and
average payments are 10% higher than average would tend to have costs that are 12.5% higher
than average. Coststend to rise (and fall) more than payments, so that high case-mix facilities
tend to be underpaid and low case-mix facilities tend to be overpaid. The term compressionis
used because the distribution of case-mix-adjusted payments is more narrow, or compressed,
than the distribution of expected costs associated with facility case-mix. A classification system
that exhibits CMI compression would tend to penalize facilities that have a more severe case-mix
and creates incentives to avoid high cost patients (Cotterill 1986). Alternatively, a CMI
coefficient that is less than 1.0 would indicate what is called “CMI decompression.”” Although
decompression is aless common finding in the literature, it arisesin some of the results we

present below.

We report the CMI coefficient for each of the three specifications. In addition to the
CMI, we report the standard error of the CMI coefficient, so that confidence intervals can be
computed, and the p-value for the t-test of the null hypothesis that the CMI coefficient is equal to

1.08

" The term “decompression” could also be used to describe a procedure to adjust for compressed weights, but here
we mean the opposite of compression.

& The CMI coefficient results for the CMI-only specification are the least relevant when we consider that payment
adjustments are made for area wages and urban status. They are reported primarily for completeness, although they
are also useful to illustrate whether wage and urban adjustments alter the relationship between the CMIs and costs.
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I nterpreting Compression Results for the Payment and Fully-Specified Models

Findings of CMI compression or decompression have somewhat different meanings and
implicationsin the payment and fully-specified models. The CMI coefficients in the payment
models quantify the relationship between facility case-mix and costs across facilities, holding
areawages and urban status fixed (or as if an average cost adjustment has already been made for
those two factors). The CMI coefficient tells us whether case-mix adjusted payments will flow

to facilities proportionately to their expected costs.

The CMI coefficientsin the fully-specified models measure the extent to which facilities
of agiven type would face incentives to risk-select patients on the basis of the characteristics
included in the classification system. Facilities may be making or losing money overall.
However, if costs are related proportionately to the CMI in the fully-specified models, facilities
of agiven type will not be making or losing more or less money depending on the case-mix
characteristics of their patients. We provide more detail on the interpretation of the CMI

coefficient results and potential sources of CMI compression in Appendix [11-2.

If the fully-specified model were in fact a reasonably accurate overall model of the
drivers of SNF costs, compression in the fully-specified models would cast serious doubt on the
effectiveness of a classification system that is not otherwise modified with payment cushions,
such as outlier payments. Decompression would also suggest serious problems that an outlier

policy would not address.
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IV. RUG-Based Approachesto Classifying NTA Costs

A. Aimsand Background

Our research to develop a RUG-based approach to better account for variation in non-
therapy ancillary (NTA) costs reexamines and extends prior research that focused on this
approach. We reexamine prior efforts by Abt Associates (2000) and Fries (2003) using datafrom
2001 analysisfiles (Urban Institute 2001), and extend the research by exploring consolidation of
RUG-II1 groups and by testing additional variables, particularly those that define services

received by SNF patients when they are indicated on both MDS and claims data.

Research by Abt Associates (2000) identified a number of different strategies to enhance
the ability of the RUG-I1I system to explain NTA costs. First, Abt Associates discovered that
individuals who qualified for both the “rehabilitation therapy” and “ extensive services’ sets of
categoriesin the RUG-111 had NTA costs that were much higher than average. Thisfinding led
to the recommendation by Abt Associates to add fourteen categories to the RUG-I11 to represent
the intersection of these two RUG-II1 categories. This new classification scheme isreferred to as

RUG-58.

The research by Abt Associates, aswell as Fries (2003), led to the creation of indices
based on specific MDS items that could be appended to the RUG-I11 system. Abt Associates
explored the variablesin the MDS for patient characteristics associated with variationsin NTA
costs. After identifying variables that were statistically associated with NTA costs, Abt

Associates convened clinical panelsto consider which of the variables were least likely to be
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“gamed” or lead to quality of care problemsif they were used to determine payment levels. In
the process, they explored changes in definitions that could significantly reduce such problems.
For example, their definition of oxygen administration was restricted to having received oxygen
due to particular diagnoses or symptoms. This process resulted in the identification of twelve
variables from the MDS, including both patient conditions and service use. Two alternative
indices were created using these variables. Thefirst index was based on aregression analysisin
which NTA costs were regressed on the twelve conditions and services. Anindividual’s score
would essentially be the sum of the conditions or services he or she used, “weighted” by the
coefficientsin the regression model. Thisindex was called the weighted index model (WIM).
The second index was simply a count of the number of the twelve conditions or services an
individual patient possessed, and was labeled the un-weighted index model (UWIM). In effect,
the more conditions or services reported for an individual, the higher would be hisor her NTA

Costs.

In exploratory analyses with 1999 SNF cost and MDS data, we found that the RUG-58
explains about 6% of the variationinlog NTA costs, while the WIM-type indices increase the
amount of explained variance to 10%. These percentages are slightly lower than the variation
explanation levels of NTA costs found by Abt Associates (2000) in their original research. A
full comparison of our findings with those of prior research on the RUG-58 and the WIM-type
indices are presented in materials we prepared for a Technical Advisory Panel (TAP) meeting in

May, 2003 (Fries 2003).

This chapter presents our recent findings on RUG-based research approaches using the

2001 analysisfile. We re-examine the RUG-58 and WIM-related indices, as constructed by Abt
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Associates, and explore variants based on the use of additional variables reflecting patient
conditions and services used. We also examine the effects of consolidating RUG-58 groups, for
example, by collapsing the twenty-eight rehabilitation therapy groups into two categories
according to whether the case also qualifies for the extensive services category. Based on much
testing of multiple models, we identify two “preferred models’ for addressing NTA servicesin

the context of RUG-based approaches: RUG-58 and the SIM mode!.

B. Data and Methods

Exploratory Findings

The primary data sources for our analyses were the test and validation files (both
described in Chapter 111). We aso used a 1% SNF stay file to systematically explore variables
that were correlated with total NTA costs.® We selected particular variables for exploration
when the value of their t-statistic was notably higher than those of other variables. For groups of
variables (e.g., diagnosis) and continuous measures we examined the R-squared statistics from a

regression including only those variables.

We explored two types of variables from the SNF stay files. Thefirst type consisted of
variables derived directly from the data sources—M DS assessments, DataPRO SNF stays, and
additional revenue center variables from claims that corresponded to the DataPRO SNF stays.

The second type consisted of the intersection of variables from MDS assessments with revenue

® In each file, in addition to dropping the cases described in the previous chapter, we eliminated a small number of
cases (e.g., 0.3% of the casesin the validation file) for which no RUG category was assigned.
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center indicators from the claims data: Presence of a service was activated only when indicated
both by questions on the MDS assessments and by SNF claims. The intersection variables were
initially constructed to address the problem that some service use recorded on the MDS reflects

services received during the prior hospital stay (as discussed in Chapter 111).

The most important finding of our exploratory research showed that measuring IV
medication or respiratory care based on both MDS assessments and claims dramatically improve
our ability to distinguish the high cost cases, compared to measuring service use with either
source independently. Table V.1 shows the average wage-adjusted NTA cost per diem for
groups of stays with and without IV medication (panel 1) and with and without
respiratory/pulmonary care (panel 2).° Within each panel, the stays are separated according to
whether the information regarding these treatments were obtained from the MDS, the claims, or
both. For both IV medication and respiratory care, stays with service use indicated by both
MDS assessments and the claims have much higher NTA costs than stays with service use

indicated by either source alone.

Table 1V.1 aso shows that higher NTA costs are found in stays with both claims and
MDS indications of IV therapy, regardless of which MDS assessment is examined. For example,
at the thirty-day assessment, considerably higher per diem NTA costs are observed for stays with
MDS assessments showing 1V therapy and claims showing |V solution or therapy ($137) than

for those with either the MDS indicator alone ($80) or claims alone ($62). Thisissimilar in size

%11 the test sample, of al stays with an indication of IV therapy use, 17.1% had IV indicated by both the MDS and
claims, 3.7% by claimsonly, and 79.2% by the MDS alone. For respiratory care, 19.5% had an indication on the
MDS and claims, 28% on claims only, and 52.6% on the MDS alone
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to the differential observed for the 5- and 14-day assessments. A parallel pattern can be seenin

the interaction of MDS indicators of respiratory need and the claims indicating such use.

Table IV.1: Average Wage-Adjusted NTA Stay Cost Per Diem by Presence of MDS
and Claim Report, by Assessment Number

Neither MDS and
Assessment MDS or MDS only  Claim only claim N
claim

IV Medication*

5 day 45.2 64.9 93.2 158 170,117
14 day 35.0 66.2 71.9 141 101,754
30 day 31.6 79.7 61.6 137 48,521
60 day 31.2 71.3 58.8 127 14,554
90 day 31.3 74.3 59.5 134 5,256
Respiratory

Problem**

5 day 50.9 72.1 124 163 131,256
14 day 38.7 51.7 98.8 136 101,754
30 day 34.0 46.8 75.1 120 48,521
60 day 31.0 44.5 60.2 125 14,554
90 day 30.4 48.2 55.3 139 5,256
*Indicates IV Medication reported on MDS for the given assessment and/or a claim for IV therapy or solution for
the stay.

**Indicates tracheotomy, vent or oxygen (with conditions) reported on MDS for the given assessment and a claim
for pulmonary or respiratory for the stay.
Source: Validation File extracted from 2001 DataPRO.

These findings suggest that the cases indicated as needing IV medication or respiratory
care based on both the MDS assessments and the claims data are different in some respects from
those indicated by either source alone. For the assessments that occurred in the first fourteen
days of the stay, use of the interaction excludes cases that only received services prior to the SNF
stay. Recall that the MDS defines service use as services used in the past fourteen days, which
may also include the hospital stay. The continuation of the pattern to later assessments suggests

that the intersection reflects an intensity of service use, possibly leading to recording by both

sources. An additional explanation of this difference isthat error in measurement is heightened
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if each source is used independently— including some cases without the condition and excluding
some with the condition. Requiring use of both indicators to define the condition may limit the

extent of such errors.

It isimportant to note that a respiratory service indicator on claims suggests care
provision by respiratory therapists. It is appropriate, however, for nurses who are billed under
routine costs also to provide respiratory therapy in SNFs. To operationalize thisvariablein an
eventua payment system, we need to consider approaches that do not discourage provision of
respiratory services by nurses, within the scope of their expertise, or provision of more

specialized procedures by respiratory therapists when needed.

Models of NTA Costs and Charges

We evaluated three sets of models of NTA costs: RUG-58, WIM, and the Service Index

Model (SIM).

Construction of the RUG-58 and WIM variables followed the procedures devel oped by
Abt Associates (2000). In addition, we created a new classification, RUG-58G, in which the
fifty-eight RUG categories are grouped into eight broader categories. (The G refersto
“grouped’.) These categoriesinclude: (1) rehabilitation with extensive services; (2)
rehabilitation without extensive services; (3) extensive services without rehabilitation; (4) special
care; (5) clinically complex; (6) impaired cognition; (7) behavior problems only; and (8) reduced

physical function.
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A new index that we developed, which we refer to as the Service Index Model (SIM), isa
modification of the WIM index. The SIM model mimics the basic approach of the WIM model
with several important distinctions. First, we took advantage of the sizable increase in predictive
power obtained by defining IV medication use and respiratory care using the intersections of
MDS measures with indicators from claims. Second, we used several other measures of the
patient condition and history found in our exploratory analyses that add predictive value to the
model and that we believe are difficult to game. These variables are: (a) age, (b) absence of

infection, and (c) major diagnostic category (MDC) for respiratory conditions.

We estimated the index models using regression analysis on the stay-level data. Per diem
NTA costs were regressed on patient characteristics. The resulting coefficients indicate the
effect of agiven characteristic on NTA costs while controlling for the other characteristics in the
model. Using this basic approach, we examined NTA costs and chargesin levels (rather than
logs). About 2% of stays have zero NTA costs and charges; these were included in the model

without adjustment.

C. Findings

We present our findingsin five sections. First, we highlight the findings from our
exploratory analysis of patient characteristics and services used by focusing on variables used in
RUG-I1I and the WIM and SIM indices. Second, we compare the extent to which different
RUG-related models explain variation in NTA costs. Third, we illustrate how payment cells for
NTA can be created from an index model. Fourth, we discuss the aggregation of person-level

datato create facility-level case-mix indices (CMIs). Finally, we highlight person-level and
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facility-level statistics on two ‘preferred models' to address NTA costs under the aims of RUG-

based approaches.

Bivariate Relationships Between Model Variablesand NTA Costs
We first examined RUG-related categories (RUG-111 and RUG-58) and their relationship

to NTA costs. Our genera finding was that only two of the individual categoriesin either RUG-
[l or RUG-58 independently explain over 1% of variance in NTA costs (Extensive Services,
levels 2 and 3).** Thisfinding is consistent with prior research indicating that RUG-I11, asa

whole, explains only about 5% of the variation in NTA costs.

Next, we examined the variables from the WIM and SIM models. Table 1V.2 presents the
coefficients and R-sguared of bivariate regressions of per diem NTA costs on the individual

variables used in the WIM; Table I'V.3 presents the same for the variables used in the SIM.

Some of the individual WIM variablesin Table IV.2 predict costs well, with 1V
medication use explaining around 7% and respiratory service needs explaining around 2.6% of
the variancein NTA costs. Asseenin Table V.3, the effectiveness of those variables, when
restricted to instances with claims indication asin the SIM model, is considerably greater. Inthe
SIM model, 1V medication use explains 13%, while respiratory-related needs explain 6% of the

variation in NTA costs.

Although the variables used in the SIM do a substantially better job of predicting NTA

costs, it might be difficult in practice to use them for payment. The claims and the MDS data do

™ In addition, aregression of cost on the RUG-58 rehabilitation therapy category, RVB, has an R-squared of exactly
1%.
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not comein at the same time, and there is currently no mechanism for linking them on a clam-
by-claim basis. However, it is clear that if the measure of service usein the MDS can be
redefined to capture the characteristics of stays with both MDS and claims reporting service use,
the new measure could dramatically improve the ability of a classification system to predict NTA

Costs.
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Table IV.2: Coefficients from Bivariate Regressions of NTA Cost Per Diem on
WIM Variables, Estimated Using 2001 DataPRO Test File

Regression of NTA per

Variable Mean diem on Variable
Coefficient R-squared
IV medication (MDS) 0.402 53.8 0.073

Oxygen and either pneumonia or
respiratory infection (RI) with fever, or

pneumonia or RI, COPD, CHF, CAD 0.131 43.6 0.026
with SOB

Parenteral/lV with >76% total calories 0.011 158 0.032
Suctioning 0.025 77.6 0.018
Tracheotomy care 0.010 91.4 0.011
Pneumonia 0.126 33.7 0.015
Tube feeding with >76% total calories 0.069 34.1 0.009
RI 0.037 27.0 0.003
Application of dressing with/without

topical medication, and presence of 0.077 16.3 0.002
ulcers or other skin lesions/wounds

Skin wound/ulcer care (MDS) 0.387 16.0 0.007
Stage 4 pressure ulcer (MDS) 0.045 26.0 0.003
N=163,386

Table IV.3: Coefficients from Bivariate Regressions of NTA Cost Per
Diem on SIM Variables, Estimated Using 2001 DataPRO Test File

Regression of NTA per

Variable Mean diem on Variable
Coefficient R-squared

IV medication (MD_S) and claim for 0.081 121 0.132

IV therapy or solution

Oxygen (linked to conditions) or

tracheotomy care or ventilator and 0.041 107 0.055

claim for respiratory or pulmonary

Age 80.0 -1.38 0.023

Respiratory disease in SNF stay 0.294 29.4 0.023

No infection (MDS) 0.414 -17.4 0.009

N=163,386
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Multivariate Models

In Table 1V.4, we present findings from a multivariate regression model of per diem NTA
costs on the SIM variables. We find that the effect of 1V medicationsis quite large, with a $107
difference associated with the interaction of 1V medication and claims. Thiseffect isroughly 2.5
times that found without including claims information in the definition. The effect of respiratory
therapy—oxygen/tracheotomy/ventilation—intersected with claims indicators of these servicesis
$75, which islarger than the distinct effects of either oxygen use or having had a tracheotomy.
The share of variance in NTA costs explained by the SIM model is 19%. Though not shown,
thisresult is considerably larger than the 13% R-squared associated with using the WIM
variables alone. The model correctly predicts 45% of high cost cases. A model of charges

shows similar patterns, with a more dramatic increase in R-squared.

Table IV.4: SIM Model for Predicting Adjusted NTA Costs Per Diem —
Estimated Using 2001 DataPRO Test File

. - Test
Variable Coefficient Statistics
IV medication (MDS) and claim for IV 107 531
therapy or solution
Oxygen (linked to conditions) or
tracheotomy care or ventilator and 75.0 35.7
claim for respiratory or pulmonary
Age -1.08 -37.6
Respiratory disease in SNF 15.7 27.7
No infection (MDS) -7.50 -12.5
Constant 136 55.7
R-squared (all variables included) 0.189
% Predicted >=90™ percentile given actual >= 90" percentile 0.453
Standard deviation of relative weight 0.300

N=163,386, test statistics are adjusted for clustering by facility.
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Highlighting Variance Explanation of Different Models

The three sets of models tested — RUG-58, WIM, and SIM — vary greatly in their ability
to explain NTA costs.*? RUG-I11 explains 4 — 6% of the variation in NTA costs, while RUG-58
explains 9.5% of the variance™® The WIM variables alone explain 12.5% of the variation in
NTA costs and the SIM variables alone explain 18.9% of the variance. Together with the RUG-
58 variables, WIM explains 13.9% of the variance and SIM explains 21.9%. These results are

presented in Table 1V.5 and discussed in detail below.

12 Ability to explain variation in resource use is fundamental for a case-mix classification system to appropriately
reimburse providers.

13 These models are based on levels of costs. Estimating the models with either charges or log costs as the
dependent variables has little effect on the relative R-squared of the various model specifications.
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Table IV.5: Comparison of Predictive Models Incorporating RUG-III, RUG-58, WIM
and SIM, Estimated Using 2001 DataPRO Test File

% Predicted
>=90th

. R- percentile St‘?‘”‘?'afd
Explanatory Variables ) Deviation of
squared given actual Relative Weights
>=90th
percentile
RUG-III nursing payments, 2001 0.035 0.258 0.303
RUG-III (new weights) 0.064 0.314 0.354
RUG-58 0.095 0.376 0.429
RUG-58G 0.077 0.255 0.388
RUG-58 defined with claims interaction 0.128 0.368 0.499
WIM variables 0.125 0.325 0.492
WIM variables and RUG-58 0.139 0.362 0.521
SIM variables 0.189 0.453 0.606
SIM variables and RUG-III 0.214 0.457 0.644
SIM variables and RUG-58 0.219 0.456 0.652
SIM variables and RUG-58G 0.212 0.454 0.641
6-category CART based on SIM and
RUG-58G 0.184 0.442 0.599
SIM and WIM variables and RUG-58 0.233 0.465 0.673
N=163,386

Asapoint of reference, the payment weights for NTA (i.e., the 2001 nursing weights),
explain only 3.5% of the variance of costs. When we recal culate the weights using a regression
of NTA costs on indicators of the RUG-I11 categories, variance explanation improves to 6.4%.
Interacting the rehabilitation therapy and extensive services categories to create the RUG-58
increases the variance explained to 9.5%. However, replacing the RUG-58 with RUG-58G (in
which the RUG-58 groups were collapsed to eight categories) reduces the R-squared to 7.7%.
Generally, these models show only a moderate ability to predict the high cost cases: at best,
37.6% of cases with costs in the top 10% are predicted as having high costs. Adding the WIM to

the RUG-58 increases the variance explained to 13.9% but has little effect on the share of high
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cost cases predicted. These results essentially represent a re-examination of prior research to

refine the RUG classification system for NTA costs.

Table 1V.5 aso presents findings from our regression models using the SIM variables.
These models considerably increase the share of NTA variance explained relative to the WIM
models. For example, the SIM variables alone explain 18.9% of the variation in NTA costs; in
combination with RUG-58, they explain 22% of the variance. Interestingly, substitution of the
eight-category RUG-58G into the model produces nearly the same variance explanation as when
SIM isincluded with the full set of RUG-58 groups.** Reduction of SIM and RUG-58G to only
six mutually exclusive groups (described in the next subsection), explains 18.4% of the variation.
In addition to the increase in R-squared, we find that the SIM models predict 45 - 46% of high

cost cases to be high cost, as compared with 36% using the WIM model.

Finaly, we experimented with redefining RUG-58 to incorporate the argument behind
the SIM model. That is, we counted cases as having used |V medication and respiratory services
only if acorresponding SNF claim was observed. We then reassigned cases to RUG-58
categories. Thisreassignment leadsto an R-squared of 13%, which is an improvement on the

original definition of RUG-58. However, the model shows little advantage relative to SIM itself.

In sum, theresultsin Table 1V.5 indicate general bands of variance explanation of the
models we tested. The basic RUG-58 model explains around 9% of the variance in NTA costs, a
large improvement over the RUG-1I1 currently in effect for the SNF PPS. The WIM index

raises the R-squared to the 13%-14% level. The SIM index raises the R-squared to about 20%.

4 Although models using the full and 1-digit versions of the RUG-58 model yield similar R-squared statistics,
formal tests reject the premise that the RUG-58 coefficients are identical within each of the 1-digit categories
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Interestingly, more parsimonious models within each band obtain nearly the same share of NTA
cost variance explained as the more complicated models. For instance, the model combining the
SIM indicators and RUG-58G resultsin an amount of NTA cost variance explained (21%) that is

only modestly lower than more complex models that include the full RUG-58.

Application of SIM Models to Create Payment Cells

In this section, we use the SIM model to illustrate how such index models can be used to
create a small number of payment cellsfor NTA services. We entered the SIM and RUG-58G
variables into a classification and regression tree (CART) analysis. (See Chapter I11’s Dataand
Methodology section for a description and discussion of CART.) Resultsof our CART analysis
are presented in Table 1V.6. This model has six buckets. These were defined by CART and
used as predictor variablesin regression models. The R-squared (0.184) isfairly close to the R-
squared from the linear regression model including both the collapsed RUG-58 categories and

the SIM variables (0.212).

The six buckets can function as the payment categories for NTA services. For example,
the lowest payment category is $39.50; the individual s for whom this amount would be paid are
characterized by: (a) being in the rehabilitation category (but not also in extensive services), (b)
not receiving respiratory-related services, and (c) not receiving 1V medications. About half
(51%) of the SNF stays belong to thisNTA payment category. In contrast, the highest paying
category is $247; the individuals for whom this amount would be paid are characterized by: (a)
receiving respiratory-related services and (b) receiving IV medications. This category accounts

for only 1% of SNF stays.
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Table IV.6: Groupings and Payments from CART Model Estimated Using 2001
DataPRO Test File

Rehab therapy
but not also in

Group IV Medication Respi(atory Exteqsive Payment Proportion
Services Services of Stays
category for
RUG-58
1 No No Yes $39.5 0.511
2 No Yes Yes 112.0 0.011
3 No No No 66.5 0.377
4 No Yes No 152.0 0.019
5 Yes No All Cases* 164.0 0.071
6 Yes Yes All Cases* 247.0 0.011
N=163,386

*Includes all cases with indicated IV medication or respiratory services, whether or not in rehab therapy

D. Implications at the Facility L evel

To evaluate the ability of each classification scheme to reimburse costs across a range of
patient difficulty, we employ the CMI methodology described in Chapter 111 to estimate facility-
level regressions of the log of per diem NTA costs on the log of the CMI. (See Chapter 111 for

details regarding the construction and interpretation of the CMI.)

We evaluate the performance of RUG-111 and two options among the alternatives, RUG-
58 and SIM combined with RUG58G."> We evaluate the various classification schemes first
using models based on costs and then charges to define the weights and CMI. Prior to
controlling for differences across facilities, the cost-based RUG-I11 and RUG-58 models have
coefficients on the CMI of close to one. However, after controlling for differences across

facilities, only the cost-based SIM+RUG58G weights leads to a coefficient on the CMI of

B The RUG-58 is attractive because it is s mple to implement and administer and its R* of 10% is a substantial
improvement on both the current RUG-I1I nursing weights (4%) and the recalibrated weights for RUG-I11 categories
(6%). The SIM+RUGS58G is attractive because it builds on the RUG-58 model to explain about 20% of the
variation in NTA costs.
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approximately one. The cost-based weights from RUG-111 and RUG58 and the charge-based
weights from all three classification systems lead to coefficients on CMI of less than 1.0,
implying that facilities with alow CMI have an incentive to attract more difficult casesto

increase profits.

Models with Cost-Based Weights and Case-Mix | ndex

Table IV.7 presents comparative statistics on the RUG-58 and SIM+RUG58G, using
NTA costs to calculate the payment weights and the resulting CMI. Comparable statistics for
RUG-I11 using weights calibrated to NTA costs are included for reference. We focus discussion
on RUG-58 and SIM+RUG58G models, grouping the statistics by person- and facility-level
models.’® Thisisfollowed by a corresponding discussion for models in which the payment

weights and CMI are based on charges rather than costs.

8 The person-level models are regressions of NTA costs on the classification measures.  The facility-
level models are regressions of log of facility-average per-diem NTA costs on the log of the CMI. The CMI is based
On acost regression.
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Table IV.7: Comparison of Predictive Models of NTA Costs: RUG-III, RUG-58, and
SIM+RUG58G?

. RUG-III a
Explanatory Variables (New Weights) RUG-58 SIM+RUG58G

Person-level models of per diem cost
a. Test Sample

R-squared 0.064 0.095 0.212
SD relative weights 0.354 0.429 0.641
Sensitivity” 0.314 0.376 0.454
b. Validation Sample
R-squared 0.068 0.103 0.214
SD relative weights 0.349 0.426 0.626
Sensitivity” 0.313 0.375 0.442
Facility-level models of log cost (Validation Sample)®
a. CMl only
R-squared 0.047 0.136 0.347
CMI coefficient 0.899 1.130 1.290
SE on CMI coefficient 0.125 0.092 0.051
p-value to test coef.=1 0.419 0.155 0.000
b. CMI payment model®
R-squared 0.066 0.153 0.353
CMI coefficient 0.958 1.15 1.29
SE on CMI coefficient 0.124 0.091 0.051
p-value to test coef.=1 0.737 0.095 0.0
c. CMI full model®
R-squared 0.263 0.295 0.396
CMI coefficient 0.627 0.756 1.04
SE on CMI coefficient 0.105 0.082 0.064
p-value to test coef.=1 0.000 0.003 0.486

RUG58G contains 8 categories indicating the first digit of the RUG-58 score.

. % Predicted >=90th percentile given actual >=90th percentile

For facility models, cost, CMI, and the area wage index are entered in log form (see methods section in Chapter Il1).
. The payment model includes urban/rural status and the area wage index, in addition to the CMI.

e. The full model includes urban/rural status, area wage index, indicators for number of SNF beds (0-9 beds, 10-19
beds, 20-49 beds, 50-99 beds, with 100+ beds as the excluded category), hospital based dummy, ownership type
(voluntary/nonprofit dummy, for profit other dummy, and government dummy, with for profit chain as the excluded
category) and percent Medicare days, in addition to the CMI.

oo oo
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Person-Level Models

Thefirst panel in Table IV.7 presents statistics of the regression of per diem NTA cost on
the variablesin each classification system using the test sample data. RUG-58 explains 9.5% of
the variance in NTA costs, SIM+RUG58G more than doubles that, to 21.2%. The standard
deviation of the relative weights highlights the range of values the 2 models cover. RUG-58 has
a standard deviation of 0.429, compared with 0.641 for SIM+RUG58G, indicating that the latter
model has a much greater spread in payment values. The sensitivity indicator shows that 37.6%
of the highest (10%) cost cases are correctly predicted by RUG-58, compared with 45.4% for
SIM+RUG58G. Not surprisingly, both models have higher variance explanation and sensitivity

than the RUG-I11 model.

The second panel in Table IV.7 presents the results for our validation of the models.
Comparison of the model statistics based on the test and validation samples indicates that the

results are aimost identical.

Facility-Level Models

The next three panels present the statistics from facility-level regressions of the log of
average per diem costs on the log of the cost-model-based CMI, with (a) no controls, (b) only
controls for urban/rural and labor cost differences across areas, and (c) controls for arange of

factors typicaly fixed for agiven facility.

The third panel presents the evaluation statistics for the model in which the log of per

diem cost is regressed on the log of the CMI, with no controls for differences across facilities.
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The RUG-58 explains only 13.6% of the variation in logged facility-level NTA costs; the
SIM+RUG58G, in sharp contrast, explains 34.7%, a 2.5fold difference. The CMI coefficient for
the RUG-58 model is 1.13, indicating an insignificant increase relative to the desired 1.0 level.
The CMI coefficient for the SIM+RUG58G model (1.29) is somewhat higher; and a statistical
test regjects the hypothesis that this coefficient equals 1.0 (p<0.001). For the RUG-I11 model, the

amount of variance explanation is only about 5%, whereas the CMI coefficient is closeto 1.0.

The fourth panel in Table IV.7 presents statistics for the models when conventional
Medicare payment adjusters—urban/rural status and wage index—are included with the CMI.
Addition of the two variables does not notably affect the evaluation statistics described in the

third panel.

The fifth panel presents findings when a number of other facility characteristics are
included in the model. These facility characteristicsinclude: (a) hospital-based status, (b)
percent Medicare, (c) type of ownership, and (d) indicators of numbers of SNF beds. For the
RUG-58 model, controlling for these other factors strongly affects the evaluation statistics.
Variance explanation (R-squared), for example, increases to almost 30%, indicating that the
facility characteristics added to the model explain a considerable amount of the variation in log
of facility-level NTA costs. The coefficient on the CMI drops well below 1.0 and the p-value of
0.003 indicates that it is statistically different than 1.0. With the additional variables, the
coefficient on the CMI of the SIM+RUG58G model dropsto 1.04, and a statistical test accepts
that the coefficient equals 1.0 (p-value=0.486). For the RUG-111 model, the variance explanation

rises to 26.3%, but the CMI coefficient isonly 0.627.
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Although not presented in Table 1V.7, we conducted a similar evaluation of the CART
version of the SIM+RUGS58G cost model. Statistics on the CART model mirror those of the
regression models presented here. I1n general, the amount of variance explained by the CART
version is dlightly smaller than the regression version, with the coefficients on the CMI being

generally higher inthe CART version.

Models with Charge-based Weights and Case-mix | ndex

Table V.8 presents statistics comparable to those presented in Table V.7, using NTA
charges rather than costs to compute the person-level models and relative weights. The facility-
level regressionsin both Table 1V.7 and Table 1V.8 are based on aregression of facility-level per
diem unadjusted NTA costson CMIs. In Table V.8, however, the CMI is calculated from the
coefficientsin amodel of charges, whereasin Table IV.7 it is calculated from costs. We
highlight some notable differences between the two tables in the discussion immediately

following.
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Table IV.8: Comparison of Predictive Models of NTA Charges: RUG-IIl, RUG-58,
SIM+RUG58G?

. RUG-III a
Explanatory Variables (New Weights) RUG-58 SIM+RUG58G

Person-level models of charges
a. Test Sample

R-squared 0.059 0.097 0.283
SD relative weights 0.468 0.598 1.02
Sensitivity” 0.300 0.321 0.516
b. Validation Sample
R-squared 0.063 0.104 0.259
SD relative weights 0.462 0.594 0.993
Sensitivity” 0.294 0.320 0.489
Facility-level models of log cost (Validation Sample)®
a. CMl only
R-squared 0.048 0.144 0.355
CMI coefficient 0.641 0.794 0.866
SE on CMI coefficient 0.090 0.062 0.033
p-value to test coef.=1 0.000 0.001 0.000
b. CMI payment model®
R-squared 0.066 0.161 0.359
CMI coefficient 0.682 0.806 0.859
SE on CMI coefficient 0.089 0.061 0.033
p-value to test coef.=1 0.000 0.002 0.000
c. CMI full model®
R-squared 0.256 0.291 0.396
CMI coefficient 0.369 0.506 0.706
SE on CMI coefficient 0.078 0.058 0.043
p-value to test coef.=1 0.000 0.000 0.000

a. RUGH8G contains 8 categories indicating the first digit of the RUG-58 score.

b. % Predicted >=90th percentile given actual >=90th percentile

c. For facility models, cost, CMI, and the area wage index are entered in log form (see methods section in Chapter Il1).
d. The payment model includes urban/rural status and the area wage index, in addition to the CMI.

e. The full model includes urban/rural status, area wage index, indicators for number of SNF beds (0-9 beds, 10-19
beds, 20-49 beds, 50-99 beds, with 100+ beds as the excluded category), hospital based dummy, ownership type
(voluntary/nonprofit dummy, for profit other dummy, and government dummy, with for profit chain as the excluded
category) and percent Medicare days, in addition to the CMI.
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Person-Level Models

The ranges of predicted chargesin Table 1V .8, asreflected by the standard deviation of
the relative weights, are much wider than those of predicted costsin Table 1V.7. The wider
ranges were found regardless of whether the comparisons were for the RUG-58, SIM+RUG58G,

or RUG-III.

The amount of variance explained (R-sguared) at the person level was about the same for
the RUG-58 and RUG-II1 models, regardless of whether the models predicted costs or charges.
In the case of SIM+RUG58G, the model based on charges for relative weights explained notably

more variance than the model based on costs (0.28 vs. 0.21).

Facility-Level Models

The amount of variance in logged NTA costs explained by each model was about the
same whether relative weights were based on costs or charges. The most notable difference
between the models in the two tables was that the CM1 coefficients in the charge-based models
were uniformly less than and statistically different from 1.0, while most of the CMIsin the cost-
based models were greater than and only sometimes significantly different from 1.0. In the case
of the CMI payment model, for example, the CMI coefficient for the SIM+RUG58G model was
1.29 for the cost-based model and .86 for the charge-based models. These findings suggest that,
if relative weights are based on costs, high-CMI providers would receive payments lower than
costs, while low-CMI providers would receive payments higher than costs. If relative weights
wer e based on charges, however, high CMI providers would receive payments higher than costs,

while low-CMI providers would receive payments lower than costs. This latter finding seems to
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reflect different charging practices across SNFs, as indicated by the higher standard deviation of

the relative weights in the charge-based models.

E. Additional Findings

In exploring other patient characteristics that are potentially good predictors of NTA

costs, we discovered some variables that were statistically significant predictors, but were either

exceptionally susceptible to gaming, ambiguously defined, or too cumbersome for a RUG-based

approach. These weaknesses notwithstanding, we include the following results to help inform

future development of patient assessment instruments and other approaches for creating patient

classification systems:

Number of medications alone yields an R-squared of 10% in amodel of log
costs; it also adds considerably to models with other regressors (e.g., increases R-
squared from 15% to 21%)

The indicator of radiography on claims has an R-sguared of 6% in amodel of log
costs; itsinclusion increases the R-squared for the SIM model of log NTA costs
from 18% to 21%

Inclusion of the indicator of 2+ injections from the MDS leads to an R-squared of
2.6% on itsown

Including a measure of number of physician visits from the MDS leads to an R-
sguared of 4.5% on its own

Including disease diagnoses from the MDS leads to an R-squared of 4.6%

Measures of length of stay or numbers of assessments are negatively related to
NTA costs



F. Discussion

The RUG-based approaches represent minimalist options for improving the existing SNF
PPS. They address only total NTA costs, essentially leaving the RUG-I11 intact for nursing and
rehabilitation therapy services. The weights from the RUG-based approaches may be considered

in concert with additional payment adjustments, such as outlier payments.

Our RUG refinement research led usto present two ‘ preferred models' for classifying
SNF patients according to NTA costs within the RUG refinement approach. Thefirst isthe
RUG-58, which, as noted, was originally developed by Abt Associates (2000) and iswell known
by both the policy and provider communities. Additionally, given the classification mechanism

currently in use, implementation of RUG-58 would not be perceivably difficult.

The second isthe SIM model, which is based on variables used in the RUG-58, changing
definitionsin away that doubles the amount of variance in NTA costs explained. This model is
based, in large part, on service use indicators defined using the intersection of information from
the MDS assessments and the corresponding SNF claims. We initially resorted to this strategy to
circumvent the problem that the indication of service use in the MDS assessments could include
services received during the prior hospital stay. Our analyses suggest that the intersection of the
two does not ssimply exclude the hospital data, but may also reflect a differential character of
cases for which both claims are filed and MDS forms are being completed. One possible
explanation is that having both indicatorsis reflective of service use so substantial that it could

not be easily overlooked by either the MDS assessment or the billing process.
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Idedlly, the service use variables in the SIM would be based on information from the
current MDS questionnaire; but the confusion created by the MDS questions presents an
important and intractable problem. The substantial improvement seen when restricting the
service measures to the relatively small share of such stays with claims indicates that changing
the MDS question to capture the circumstances of those indicated by both measures would be
worthwhile. The easiest change would be to restrict the relevant service measures to the period
within the SNF. In addition, learning more about the circumstances under which both claims and
the MDS indicate IV medication or respiratory care in SNFs could provide insight into ways to

better measure significant use.

Individuals with indicators for 1V medications or respiratory service use tend to have
higher NTA costs simply because they incurred costs for IV medications or respiratory services,
which tend to be expensive. But it isimportant to note that use of those two services aso
increases NTA costs net of the service costs per se. In other words, use of 1V medications or
respiratory servicesis not only adirect contributor to total NTA costs, but also an indicator of

higher than average costs for other NTA services.

The policy-related characteristics of RUG-58 and the current system are essentially the

same. Policy-related characteristics of the SIM+RUG58G model include the following:
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Statistical Significance

The amount of NTA cost variance explained by the SIM-related models, approximately
20%, is considerably higher than that explained by the WIM-related models developed in prior
research. Thisamount of variance explanation isin the “ball park” with the R-squared derived
for case-mix classification systems for Medicare payment for long-term care hospitals and
psychiatric hospitals, athough it is considerably lower than the R-squared derived for inpatient

rehabilitation hospitals.

Clinical Meaningfulness

The SIM variables generally suggest conditions that would lead to high NTA costs. 1V
medications, for example, are probably more expensive in genera than orally administered
medications. The respiratory therapy-related variables are another example, given the additional
costs for respiratory therapists that are indicated by claims-specified indicators. Although
respiratory services may be performed by nursesin some SNFs, it islikely that more complex

respiratory therapy services are performed by registered, respiratory therapists.

Administrative Burden

The amount of additional administrative burden associated with these modelsisrelatively
small, consistent with their minimalist approach. For the data problem of MDS confounding,
information needed to identify NTA classification groups could be developed directly from a

revised MDS assessment instrument, minimizing administrative burden.
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Clinical and Financial I ncentives

Theinclusion of service variablesin our RUG refinement models inevitably suggests the
potential for gaming, whereby providers will have incentives to provide an unnecessary service
to increase payment. The TAP for the Abt Associates study helped define the WIM variablesin
ways that reduce this propensity. Consultant clinicians on the SIM variables expressed mixed

opinions about the incentives provided by some of our variables as they are currently defined.

Ease of I mplementation and Administration

The SNF PPS has been in effect since 1998, and most nursing homes are familiar with
the RUG-III classification system. Since the RUG-1I1 system would remain intact for nursing
and rehabilitation therapy with the models presented in this chapter, SNFs would not have to

adjust management practices and information systems to manage those service centers.

In sum, either of the two RUG refinement models described in this chapter presents a
plausible option for improving the SNF PPS so that it better accounts for NTA costs. By far, the
degree of variance explanation identified in the more complex SIM model is superior. But it
requires refinements in the MDS assessment instrument to clearly specify that particular services
were provided during the SNF stay rather than the prior hospital stay. Clarification of the
definitions of types of services used, notably in the area of respiratory care and administration of

IV medications and solutions, is also essential for implementation of the SIM model.
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V. New Profiles Approach

A. Aimsand Background

The goal of the New Profiles (NP) approach isto develop case mix payment methods for
NTA and therapy costs in the context of a new classification system based upon clinically
meaningful patient groups, defined by patient characteristics. Thiswork, the most ambitious of
the five approaches described in the report, is intended to address some of the concerns about the

SNF PPS described earlier.

Our analyses had three basic aims. First, we developed an overriding framework for
classifying SNF patients into clinically meaningful groups defined by patient characteristics (i.e.,
the three NP patient classification groups or categories defined in Section B). Second, we
developed a patient classification model for NTA costs based on patient characteristics, prior
hospital factors, and facility characteristics including the three components of NTA: drugs,
respiratory therapy, and other NTAs. Third, we developed a patient classification model for
therapy costs (physical, occupational, and speech therapy) using patient characteristics, prior
hospital variables, and facility-level variablesto determine the potential for a classification
system that is not driven by minutes of therapy provided to patients in the SNF (whichis

potentially gameable).

We did not attempt to develop a patient classification system for nursing costs using the

new profiles because extant data sources do not include patient-specific data on such costs. The
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possibility of combining nursing costs with this approach, however, could be considered in the

future.

In our development work, we followed several key precepts:

* The new system must be clinically meaningful to providers

* The new system must not use measures of services endogenous to the facility's ability to
control, such as therapy minutes provided, but rather must utilize measures of patient
characteristics and conditions. Service measures that are physician driven and not
gameable (e.g., IV medication, tracheotomy) are acceptable, excluding those that may be
at the facility's discretion (e.g., tube feeding)

* Indeveloping the new system, we should examine separate structures for each cost
component (e.g. PT/OT, speech and language pathology, drugs, respiratory therapy) that
could then be aggregated as appropriate in patient classification model development
The three major sections of this chapter describe the devel opment of the NP patient

classification categories and the devel opment of models relating patient characteristics and other
factors to resource use within and across the NP categories as the basis for possible SNF

payment system refinements. The models and findings are presented first for NTA and then for

therapy services.

B. Development of the New Patient Categories

Conceptual Development

Thefirst step in developing the NP patient classification categories was to define
conceptually the major categories of SNF patients. For this purpose, we considered basing some
portion of the new approach on classification systems used in rehabilitation hospitals; however,

our findings confirmed previous work establishing that separate classification systems are
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needed for rehabilitation hospitals and for SNFs (Eilertsen, et a. 1998, Buchanan, et al. 2004).
The recently devel oped rehabilitation impairment categories (RICs) do not map effectively to
SNF patients. For example, more than 50% of SNF patients were either mapped into the
“miscellaneous’ RIC or had missing information, precluding placement into any category. Even
after consolidating the twenty-one RICs into broader categories that better represent SNF
patients, the only two well-defined categories were stroke and hip fracture, and over two-thirds
of SNF patients were mapped into the medically complex and unclassified category. Finally, the
explanatory power of a CART model using these modified RIC categories was very poor. Thus,
consistent with prior work, we concluded that the present day rehabilitation hospital

classification system is not directly applicable to SNFs.

Our conceptual development work, therefore, continued with specification of the major
categories of patients admitted to SNFs. This categorization was based on input from clinicians
about the different types of patients admitted to SNFs from the perspective of the types of care
they require, and to alesser extent the likely duration of their SNF needs and their eventual
placement. The conceptual design was not based on information related to resource use, nor did

it start with diagnoses. Three broad types of SNF patients were conceptualized:

» Therehabilitation group consists of patients admitted primarily for rehabilitative services
such as physical or occupational therapy to improve or restore function. Such patients
may have diagnoses such as hip fracture or stroke, disability from medical/surgical
conditions, and need intensive rehabilitation to regain independent function before being
discharged home, or to a more independent environment than a SNF

* Theacute group consists of patients admitted for skilled nursing care following an acute
medical or surgical event such as an M1 or abdominal surgery. These patients have
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primarily skilled nursing care needs (such as wound care or intravenous medications),
which arelikely to be of relatively limited duration

» Thechronic group consists of chronically ill or deconditioned patients admitted for
skilled nursing care following a hospitalization for a condition such as CHF or COPD,
who require assistance with ADLs. These patients often require frequent
rehospitalizations and SNF stays or may be long-term nursing facility residents for whom
discharge home is not redlistic

Operationalizing the Group Definitions

Thereis acontinuum of patient conditions and some patients may fit into more than one
group. Nevertheless, these groups represent the major types of care commonly provided in SNFs
today. Therefore, we went ahead and used data from the preceding qualifying hospital stay and
from the first MDS assessment from the SNF stay to operationalize the conceptual definitions of

the three groups.

The rehabilitation group was defined based on functional impairment level. To measure
functional ability, we used the Barthel Index (Mahoney and Barthel 1965) score calculated from
items on the five-day MDS assessment. Thisis an index of functional ability, which captures
severa aspects of ADL capability and normally ranges from O (worst function) to 100 (best
function). Because our functional data were limited to MDS items, our Barthel Index perforce
omits an item on the original index (ability to climb stairs), and therefore has a maximum score

of 90.

We investigated the relationship between function and therapy services received using
the Barthel Index score from the five-day MDS assessment and severa different measures of

physical and occupational therapy. Physical and occupational therapy were measured (separately
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and combined) using charges from the SNF stay, derived costs from the SNF stay, and charges
from the preceding hospital stay. Inall cases, the relationship between function and therapy was
shown to be non-linear, wherein patients with moderate functional impairment received more
therapy than patients with either substantial or minimal impairment. Figure V.1 isan illustrative
example of the relationship between function and the sum of physical and occupational therapy
charges for the hospital stay preceding the SNF stay. Patients with a Barthel Index score of 0-10
(extreme impairment) or 70-90 (minimal to no impairment) had substantially lower charges on
average ($207 lower for the 0-10 group, $219 lower for the 70-90 group) than patients with a
Barthel Index score of 15-65 (serious to moderate impairment). We therefore used a Barthel

Index score of 15-65 to define the rehabilitation patient group.
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Figure V.1. Relationship between Function and Therapy
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The relationship between function and therapy received in the SNF was very similar to
that between function and therapy chargesin the prior hospital stay; patients with moderate
functional abilities received much greater therapy than patients at either end of the functional
scale. Because the acute hospital PPS does not specifically reimburse for therapy services,
therapy received in the hospital may be a good indicator of patients actual need for rehabilitation

services.

For patients not included in the rehabilitation group based upon function, our first step in
identifying acute conditions was to use the primary diagnosis given on the last claim of the

preceding qualifying hospitalization. As already noted, diagnoses listed on hospital discharge



records tend to be more accurate and more compl ete than diagnoses listed on SNF admission
records, plausibly due to incentives inherent in the DRG system (or lack thereof in the SNF
PPS). Potential acute conditions were identified from ICD-9-CM codes to include diseasesin
each major diagnostic category that can be an acute event. Only diseases that were clearly
chronic in nature (e.g., diabetes mellitus) were excluded from our potential acute diagnosislist.

The ICD-9-CM categories shown in Table V.1 were considered potential acute conditions.

Table V.1: Potential Acute Condition ICD-9-CM Codes

ICD-9 Code Diagnosis Description

001 to 139 Infectious and parasitic diseases

210 to 229 Benign neoplasms

308 to 309 Acute stress and adjustment reactions

320 to 326 Inflammatory diseases of the central nervous system
360 to 389 Disorders of the eye, adnexa, ear, mastoid process
410to 414 Ischemic heart disease

420 to 459 Cardiovascular disease, cerebrovascular disease
460 to 466 Acute respiratory infection

480 to 490 Pneumonia, influenza, bronchitis

494 to 519 Diseases of the respiratory system

520 to 555 Diseases of the digestive system

557 to 570 Diseases of the digestive system

572 to 579 Diseases of the digestive system

580 to 584 Nephritis, acute renal failure

586 to 629 Diseases of the genitourinary system

630 to 677 Complications of pregnancy, childbirth, puerperium
680 to 706 Infections of skin, subcutaneous tissue

708 to 709 Disorders of skin, subcutaneous tissue

711 Arthropathy associated with infections

730 to 732 Infections of the bone

760 to 779 Conditions originating in the perinatal period

780 to 796 Symptoms, signs, ill-defined conditions

798 to 799 Sudden death, cause unknown

800 to 999 Injury and poisoning

V41 to V49 Conditions influencing health status

V50 to V59 Encountering health services for procedures and aftercare
E codes External causes of injury and poisoning

Diagnosis alone is not sufficient to distinguish acute from chronic patients, however,

because many of the diagnoses on the list of potentia acute conditions can also occur in amore
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chronic form—pneumonia, urinary tract infection, and heart failure are three illustrative
examples. In our conceptual framework, the chronic group also includes patients with an
underlying problem (or problems) that may require multiple hospitalizations to stabilize
recurring acute episodes of what is a chronic disease; COPD isthe classic example. Our
definition of chronic, therefore, includes not only patients with non-acute diagnoses, but also
patients with acute diagnoses who have been hospitalized and admitted to a SNF in the six
months prior to the qualifying hospitalization for the current SNF stay. Thisitem is determined
by reviewing the entire stream of MDS assessments for each resident, using (2) MDS items
AA8aand AA8D to determine if the assessment was a SNF PPS assessment, and (b) A3a, the

assessment reference date, to confirm that the assessment occurred during the six-month period.

A flow chart depicting the patient classification schemeis shown in Figure V.2. Using
the five-day Barthel Index score, the hospital diagnosis, and prior hospitalization history, we
classified patients hierarchically into one of the three broad groups; rehabilitation, acute, or
chronic. Asnoted earlier, patients were assigned to the rehabilitation group if their five-day
Barthel Index score was between 15 and 65, accounting for 67% of the total sample. The
remaining patients were then split into the acute (17%) and chronic (15%) groups based on their
diagnosis and history. The chronic group comprises relatively equal groups of patients with non-
acute diagnoses (55% of the chronic group) and patients with acute diagnoses and repeated
hospital and SNF admissions (45% of the chronic group). Lessthan 1% of the sample could not

be classified because of missing data.*’

¥ Additional investigation into the unclassified patients showed that all were missing a 5-day Barthel Index score.
Of these, 31% were discharged prior to having a 5-day MDS assessment completed; the remainder had missing or
out-of-range values for at least one of the 10 variables used to calculate the Barthel Index score.
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Figure V.2: New SNF Patient Classification System
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Table V.2 shows characteristics of residents in each of the patient groups. The
distribution of diagnoses indicates that even traditional rehabilitation diagnoses (such as hip
fracture and stroke) are prevalent in the acute group. This is because such patients may be so
frail or injured that they can tolerate only limited rehabilitation services and are receiving mostly
nursing care. As expected, medical diagnoses (such as respiratory infection and electrolyte
imbal ances) occur with greater overall frequency in the acute and chronic group. Dementia and
mental disorders are also more prevalent in the acute and chronic group, and skin ulcers are more
prevalent among chronic patients, as we expect. Overall, musculoskeletal disease occurs with
higher frequency in the rehabilitation group. The Barthel scores on admission arerelatively
similar between groups, but the rehabilitation group demonstrates increased Barthel scores at
fourteen and thirty days, representing greater independence, whereas the acute and chronic
groups are more dependent at 14 and 30 days, on average. Thus, function improves morein
rehabilitation patients that remain in the facility for 14-30 days than in patients in the other
groups. Acute and chronic patients are more likely to have swallowing problems and feeding
tubes (particularly chronic patients), and to have severe cognitive impairment. A significant
portion of all three groups receive therapy, as we would expect due to the current payment
system, but the proportion is higher in the rehabilitation group than in the others. A higher
proportion of the rehabilitation group is aso discharged home in thirty days, while higher
proportions of the other two groups die within thirty days. Thus, diagnoses, function, and
selected services and outcomes follow patterns that would be expected given our conceptual

classification and group definitions.
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Table V.2: Selected Characteristics of the Three Patient Groups in a New SNF Patient

Classification System

Rehabilitation Acute Chronic
Characteristic Group Group Group
(n=115,085) (n=29,028) (n=26,002)
Demographics:
Average age 80.2 80.3 78.7
Female 67.0 64.1 63.0
White 90.0 85.3 81.8
Married 30.0 28.6 29.2
SNF admission in previous 6 months 225 0.0 57.2
Long-term nursing home resident 12.0 25.3 251
Diagnoses:
Acute diagnosis 72.2 100.0 44.6
Hip fracture 10.2 9.4 2.3
Stroke 6.4 15.2 4.2
Respiratory infection 15.0 25.0 19.6
Electrolyte imbalance 27.8 31.6 36.7
Dementia 17.3 27.7 27.6
Mental disorder 31.0 37.7 39.9
Osteoarthritis 14.0 7.7 13.3
Skin ulcer 7.2 8.1 14.9
Musculoskeletal disease 34.3 22.5 29.8
Function and cognition:
Average 5-day Barthel Index score 39.5 34.5 34.8
Average 14-day Barthel Index score 42.9 30.0 30.3
Average 30-day Barthel Index score 43.0 22.6 24.7
Average % of stay with swallowing problem (K1b) 11.9 29.4 29.7
Average % of stay with feeding tube (K5b) 3.6 16.1 20.4
Average % of stay with Stage 4 ulcer (M1a) 5.7 9.2 17.8
Average 5-day Cognitive Performance Scale 25 3.8 3.8
5-day cognition intact 41.3 28.7 29.2
5-day cognition very severely impaired 1.1 19.6 20.2
Therapy received:
PT or OT received in hospital 77.9 65.1 55.4
PT or OT received in SNF 91.0 75.5 67.9
ST received in hospital 12.8 23.9 15.4
ST received in SNF 17.4 25.9 20.0
Length of stay and 30-day outcomes:
Average hospital length of stay 8.9 10.2 9.5
Average SNF length of stay 25.2 24.2 22.3
Discharged home within 30 days 33.9 30.3 27.3
Re-hospitalized within 30 days 21.0 20.5 23.5
Deceased within 30 days 8.6 15.9 18.1
Facility characteristics:
Hospital-based SNF 25.0 21.6 19.7
Urban SNF 78.5 77.5 79.5
For-profit SNF 59.4 63.0 65.5
SNF member of chain 59.3 61.7 60.7
Average SNF total beds 128.2 131.8 138.0
Average SNF % Medicare days 28.6 25.2 24.1

Note: Figures are based upon the test sample, prior to application of data exclusion rules, and are percentages

unless otherwise noted.
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The average per diem charges and wage-adjusted costs of patientsin the three SNF
groups are provided in Table V.3. Rehabilitation patients had modestly higher routine charges
(reflecting facility-level rates), as well as substantially higher person-level therapy charges, as
expected. Also as expected, NTA charges, including drugs and respiratory therapy services,

were greater for acute and chronic patients. Wage adjusted costs follow the same pattern.

Table V.3: Average Per Diem Charges and Wage-Adjusted Costs of the Three Patient
Groups in a New SNF Patient Classification System

Rehabilitation Acute Chronic
Item Group Group Group
(n=115,085) (n=29,028) (n=26,002)

SNF stay charges per diem:

Routine charges $245.88 $235.41 $233.77
Therapy charges 132.63 99.33 85.41
NTA charges 136.84 149.82 155.85
Total charges 515.34 484.55 475.03
SNF stay wage-adjusted costs per diem:
Routine costs 204.51 194.15 191.04
Therapy costs 77.71 58.08 50.76
NTA costs 57.43 63.67 70.15
Total costs 337.07 314.90 310.18

Note: Statistics are based upon the test sample, prior to application of data exclusion rules

Discussion

A key feature of this new classification system is that patients are assigned to the three
groups based solely on their clinical and functional characteristics and their medical history. We
explicitly avoided including measures of service provision, such as tube feeding or physical
therapy, since inclusion of such items can lead to tautological relationships of dependent

variables (e.g., using the number of therapy minutes provided to predict the amount of therapy
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resources used) or create perverse incentives to provide sub-optimal care (e.g., encouraging the

use of urinary catheters by providing higher reimbursement for such patients).

In this data set, the missing data were confined to the five-day Barthel Index scores,
either because patients were discharged prior to completion of afive-day MDS assessment, or
because there were problematic data on the assessment. In practice, however, missing data could
also arise from either of the other two items used in the classification scheme—hospital
diagnosis or SNF admission history. In our analysis, such stays (7.5% of all stays) with missing
data were eliminated from the data set. Our analysis had the advantage of a data file containing
pre-matched qualifying hospitalization claims and SNF stays, as well as the entire stream of
MDS assessments for each resident. Such information will not be known with the same level of
accuracy by SNF admission coordinators or assessment nurses, however, implying that actual

implementation of this classification system may require a different approach.

From a conceptual perspective and in terms of clinical profiles of the groups, the
proposed patient classification is reasonable. The differencesin charges and costs for different
components of SNF care reflect expectations. The next step is to use these groups as the basis
for models explaining variance in SNF stay-level costs and charges per day for NTA and therapy

services.

C. NP-NTA Models

One goal of arevision to the current SNF PPS is increasing the ability to accurately pay

for NTA costs. The RUG-III classification system has been shown to explain only about 5% of
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the variance in NTA resource use (Kramer, et al. 1999, Abt Associates 2000, Liu, et a. 2002,
Fries 2002). The impact of the disparity between payment and actual resource use includes SNF
reluctance to accept patients with large anticipated NTA costs. A recent OIG report cited
expensive drugs and 1V antibiotics as the most common reasons discharge planners were unable
to place a patient in a SNF. Chemotherapy and HIV patients were also cited as difficult to place;
discharge planners alleging the high cost of drugs as a contributing factor (OIG 2001). Indeed,
drug costs are the greatest contributor to NTA costs. Overall, nursing home residents receive an
average of 7.3 routine medications (Briesacher, et al. 2002) and the percentage of residents with
at least nine prescriptions rose from 18% to 27% between 1997 and 2000 (Mendelson, et al.

2002).

In this section, we examine the relationship between NTA resource use and an extensive
set of potential predictors within each NP group. Our initial purposeisto account for as much
variation as possible in resource use for each NP group, and we therefore include variables at this
stage that may not be appropriate in afinal patient classification system for payment purposes.
Thelist of predictors goes considerably beyond the MDS items considered by Abt Associates
(2000) in prior effortsto improve patient classification for NTA services. We present our
findings on the determinants of NTA resource use from two approaches: atwo-stage regression
model and aregression tree (CART) model. We then adapt and revise the models, simplifying

them into amodel that could form the basis of a payment system.
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Data

NTA Resource Use Variables

The datafor the initial analysis on NTA resource use is the test sample, described in
detail in Chapter 111. Resource use was measured by per-day charge and cost variables for the
three main NTA components: drugs, respiratory therapy and other non-therapy ancillaries
(ONTAS). The per-day average of total NTA charges was $141.53, compared with costs
estimated at $61.71. Drugs were by far the largest component, with a per-day average charge of

$82.63 and cost of $41.44.

All three components had a significant percentage of stays with no charges recorded:
drugs (6.4%), ONTA (20.2%), and respiratory therapy (89.0%). The zero charge (cost) stays
influenced our statistical model choices. These stays may be zeros either because (@) the patient
did not use ancillary resources or (b) the SNF incorrectly assigned ancillary chargesin the
submitted claim. Our calculations include zeros by treating them as stays for which no resources

were used.

The distributions of costs for the sample stays with positive costs can be seen in Figures
V.3 through V.5. These distributions display the enormous cost variation in each of these
components. The charge distributions have a similar shape, but a greater range of values. Both
charges and costs are also skewed, with broad upper tailsindicating that each of the three

components had a small percentage of stays that were extremely costly, as can be seenin

TableV .4.
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Figure V.3: Drug Cost Distribution (All Stays with Costs > $0)
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Figure V.5: ONTA Cost Distribution (All Stays with Costs >

$0)
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Table V.4: Distribution Skew for NTA Costs and Charges
0,
AWINO gsostile  o7otile  99%tile
use
Costs
Drugs 6.4% $141 $188 $330
Respiratory 89.0% $91 $112 $220
ONTA 29.2% $89 $117 $191
Charges
Drugs 6.4% $332 $462 $806
Respiratory 89.0% $376 $465 $716
ONTA 29.2% $283 $394 $688

Note: Statistics are based upon the test sample
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Some potentially important cost factors were evident from comparing high-cost to low-
cost outliers. The high-cost outliers differed from the low-cost outliers consistently across
components. The high-cost stays had much longer qualifying hospital stays and were more
likely to have spent time in the hospital ICU. They also had much shorter SNF stays than the
low-cost stays and were much more likely to be re-hospitalized or to have died by thirty days
post-admission. Overall, NTA stays with high per day costs appeared to be short stays with
severely ill patients that either returned to acute care or died. Those stays with low per diem
costs, in contrast, were long stay patients with extensive rehabilitation therapy and more likely to

be discharged home.

Although we examined both costs and charges, we focused our initial modeling on
charges, since the variance explanation was generally higher when charges rather than costs was
the dependent variable. Also, although the skew in the charge distributions suggested the
possibility of using logged charges as the dependent variable, we found that the logged values

did not significantly improve the fit of our models.

Explanatory Variables

NP patient classification system

The NP patient classification system, described in Section B, assigns patients to one of
three primary categories: rehabilitation, acute, and chronic. In these analyses, we first examined

resource use separately for each of the three categories. Then, we analyzed resource use for all
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stays (i.e., combining the three NP groups), treating the categories as explanatory variablesin the

model.

Other explanatory variables

The explanatory variables considered for this analysisfall into five groups: *2

» Demographic variables, including age and gender

* Clinical diagnoses, identified through hospital and SNF claims diagnosis codes and from
the MDS. These conditions are likely to be associated with specific drug regimens,
treatments, and with the need and extent of respiratory therapy and other NTA use. The
multiple sources of information generated overlapping diagnosis variables. For example,
stroke may be coded in one of several MDC categories, and is also coded from specific
ICD-9-CM codes for stroke. Thus, MDC categories, such asMDC 1: Nervous System,
overlap with the variable identifying a stroke diagnosis through ICD-9-CM codes for
stroke

* Serviceindicators created from both hospital and SNF claims, including such items as the
use of radiology services and the drug charges for the qualifying hospital stay. Discharge
from the qualifying hospital stay may be up to 30 days prior to the SNF admission but is
generally the most recent stay prior to SNF admission. To the extent that these services
are subsequently provided to the patient in the SNF, or identify more complex patients,
qualifying hospital service information may predict NTA resource use

» Functiona indicators, derived from patient scores on the ADLs. These indicators, for
such items as mobility, may indicate NTA resource use of items such as pressure
relieving beds and wheelchairs

» Facility characteristics. Some of the differential in costs of care among SNFs may not be
fully accounted for by the available case-mix measures.

18 Descriptive statistics for all the explanatory variables used in our initial NTA analyses are in Appendix V.1 of
Urban Institute (2004).
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Methods

Two-Sage Regression Models

A two-stage model was used to identify NTA resource relationships with explanatory
variables. Thefirst stage identified which patients used any resources, the second stage
identified variables associated with the extent of use. Our preliminary analyses demonstrated
that the variables associated with these two relationships were different, supporting the two-stage

modeling approach.

Variable reduction occurred through four steps:

» All potential covariates were assigned an initial grouping. The groupings created blocks
of related variables such as Mg or Diagnostic Categories. Regression anaysis on both
the likelihood of any charges and on the charges for those stays with charges greater than
zero was performed on each block and for each of the three NTA components

» Selection of variables that were significantly related to charges at a 5% level for multiple
components reduced the number of variables from about 600 to 150. This set of variables
was then entered into linear probability models for any charges and ordinary least squares
models for charge amounts (if greater than zero) using a stepwise selection method to
maximize R-squared. Linear probability models are not the best choice for prediction,
but they will correctly identify significant relationships between the likelihood of charges
and explanatory variables

* Regression models were run separately by NTA component for each patient
classification category and for al stays. Variablesthat increased the adjusted R-squared
by at least 0.005 were retained in the final model

* Finally, certain variables that did not increase the R-squared by 0.005 but that had large
and significant effects on charges were put back into the model. For example, the
indicator for HIV has alarge effect on NTA resource use. Sinceit affects very few stays,
it does not contribute much to the explanatory power of the model over al stays.
However, excluding it would greatly reduce the model’ s ability to explain resource usein
facilities that treated any HIV patients
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This process generated a separate set of predictor variables for each NTA
component/patient classification combination and allowed the variables that were most

predictive of the likelihood of any charges to differ from those that predicted charge amounts.

These sets of variables were then entered into Heckman two-stage models (Greene 1997).
In the first stage, a probit model was used to predict the likelihood of any charges, generating an
adjustment factor for each stay. Ordinary least squares were then used to predict the value of the
charges, incorporating the adjustment factor. The models were then replicated using cost per day

as the measure of resource use rather than charges.

Regression Tree (CART) Models

Asdiscussed in Chapter |11, traditional regression models may miss important
interactions among explanatory variables as well as relevant non-parametric relationships
between resource use and explanatory variables. While clinical expertise hypothesized some of
these relationships and we were able to incorporate them into the regression models, we believed
some interactions or non-parametric relationships would still be missed. In consequence, CART
was applied to the data and used in this study. (See Chapter 111 for afull description of CART

methodology.)

Due to computing limitations, CART models were created using only a 1% random
sample of stays. Fortunately, preliminary analysis found the 1% file to retain the general
distributions of charges (costs) and explanatory variables from the test ssmple. (The CART

models used the variable set identified in step 2, described above.)
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Since the CART method will eventually create as many groups as observations in the
data, the trees must be limited through a consistent rule to obtain useful results. The usual
pruning criteriaof ‘1 standard error rule’ (Breiman, et al. 1984) generally resulted in trees with
few nodes. Where possible, trees with up to ten terminal nodes were obtained to more deeply
explore the structure. Each terminal node was required to have at least fifty stays. We integrate
the findings from the CART and regression models into one approach below by incorporating the

nonlinearities and interactions identified by CART into the regression models.

Results of the I nitial Models

Findings on the overall fit (explanatory power) of the regression models are presented
first. Then, the main variables associated with the amount of NTA charges for each of the three
NTA components (drug, respiratory, and ONTA) are covered, followed by the variables
associated with any NTA charges. We follow this by noting variablesidentified by the CART
analyses asrelated to NTA charges. For the cost models, only the findings on model fit are
presented, since the cost models contained the same variables, used the same econometric and

CART methodology, and yielded the same pattern of results as the charge models.

Model Fit

Table V.5 shows the amount of variation in NTA resource use explained by each model
for each NP group and the entire sample. Overall, the two-stage models explained the variations
in NTA charges reasonably well, particularly for ONTASs and respiratory therapy. The drug and

ONTA results showed similar patterns. The models were able to explain the largest amount of
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variation in acute stays and the least amount of variation in chronic stays. The cost models
generally had poorer variance explanation than did the charge models. The CART models
explained somewhat |ess variation than the regression models, and did not have the same pattern

in explanatory power across patient classifications or NTA components as the regression models.
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Table V.5: Explanatory Power for All Models

R-squared
Variable Acute Chronic Rehabilitation All
(N=27,481) (N=24,276) (N=111,043) (N=162,800)
Drug
Two-Stage Model
Charges 0.39 0.29 0.32 0.32
Costs 0.17 0.10 0.13 0.12
CART Model
Charges 0.21 0.20 0.22 0.21
Costs 0.11 0.09 0.10 0.09

Respiratory Therapy
Two-Stage Model

Charges 0.45 0.44 0.51 0.46
Costs 0.47 0.48 0.45 0.48
CART Model
Charges 0.28 0.15 0.36 0.28
Costs 0.20 0.20 0.21 0.21
Other Non-Therapy Ancillaries
(ONTAS)
Two-Stage Model
Charges 0.46 0.40 0.42 0.44
Costs 0.31 0.15 0.26 0.25
CART Model
Charges 0.32 0.35 0.35 0.35
Costs 0.16 0.15 0.17 0.16

Notes: R-squared represents the amount of variation in resource use across all stays explained by the model. Models
run on the test sample with excluded observations as described in Chapter IIl.

Variables Associated with NTA Chargesin the Two-Stage Models

Table V.6 shows the average effect on drug charges of variables that contributed, on
average, at least $20 of drug charges per day.'® The effects were on stays that had positive drug
charges. For continuous variables, the contribution represents the effect of having the average

value of the variable as compared to having a zero value for the variable. One variable was

¥ The complete results of the two-stage Heckman model and the parameter estimates for all variables that appear in
each stage of the final models are presented for all patient classification categories, found in Appendix V.4 of
Urban Institute 2004.
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strongly associated with the likelihood of a stay having positive drug charges, but did not
contribute at least $20 of drug charges for stays with drug charges: an MDC of muscul oskel etal
system. The variablesinclude clinical conditions such as HIV aswell as services and functional
status variables. They also include only one facility characteristic, hospital-based, and one
variable from the qualifying hospital stay, drug charges per day. It also depicts the patient

classification categories in which the variable was present.

Table V.6: Variables Associated with at Least $20 of Drug Charges Per Day

Variable Average Effect on Models In Which
Drug Charges /Day Variable Appears

MDC: HIV 179.74 ACR,T

IV Therapy or Solution Use in SNF 147.45 ACR,T

Solid Organ Transplant 126.82 AR, T

Hospital-based Facility 108.53 ACR,T

Parenteral IV 55.36 ACRT

Bedfast 37.41 ACR,T

Drug charges in Hospital 36.10 ACR,T

ADL: Walk in Corridor 33.77 CRT

Use of Respiratory Therapy in SNF 32.75 ART

Age >=85 31.21 ACT

Suction 29.00 ACT

Chemotherapy 25.84 R, T

Foot Infection 23.61 CRT

Variables strongly associated with Average Effect on the

the likelihood of any charges but not Likelihood of Drug

in the above list Charges

MDC: Musculoskeletal System 0.13 R, T

Notes: Only variables appearing in at least 2 patient classification categories are included in this table. The Average
Effect is the size of the effect on resource use per day of the presence of the indicator, or, in the case of continuous
variables, the size of the effect on resource use per day of the average per stay value of the variable. The following
abbreviations are used for the patient classification models: A=Acute, C=Chronic, R=Rehabilitation, T=Total patients.
Models run on the test sample with excluded observations as described in Chapter lIl.

For respiratory and ONTA charges, the Tables V.7 and V.8 present the variables
associated with at least $15 of charges per day, due to the smaller overall charges per day for the

respiratory and ONTA components.
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Table V.7: Variables Associated with at Least $15 of Respiratory Charges Per Day

Average Effect on Models In Which

Variable Respiratory Charges Variable Appears
/Day

MDC: HIV 195.97 C,T
Ventilator Use 149.78 CT
Tracheostomy Care 141.86 ACR,T
Hospital-based Facility 95.49 ACR,T
Adverse Effects of Medication 68.27 AT
Chronic Obstructive Pulmonary
Disease (COPD) 38.95 AR
Oxygen Use 32.27 R, T
Bedfast 30.41 ART
Respiratory Therapy Use in Hospital 24.21 ACRT
Shortness of Breath 21.34 ACR,T
IV Therapy or Solution Use in SNF 19.19 AR, T
Respiratory Infection 19.05 AR, T
Variables strongly associated with Average Effect on the
the likelihood of any charges but not Likelihood of
in the above list Respiratory Charges
Tracheostomy Care 0.53 ACT
Use of CCU in Hospital 0.10 CRT
MDC: Respiratory System 0.23 ACR,T

Notes: Only variables appearing in at least 2 patient classification categories are included in this table. The Average
Effect is the size of the effect on resource use per day of the presence of the indicator, or, in the case of continuous
variables, the size of the effect on resource use per day of the average per stay value of the variable. The following
abbreviations are used for the patient classification models: A=Acute, C=Chronic, R=Rehabilitation, T=Total patients.
Models run on the test sample with excluded observations as described in Chapter lII.

Similar to the drug charge variables, the variables associated with large incremental
respiratory and ONTA charges were a combination of clinical conditions, services, qualifying
hospital information and the facility characteristic, hospital-based. The variables overlapped by
NTA component. Three variables—IV therapy or solution usein SNF, bedfast, and hospital-
based facility—occurred in all NTA components. Each NTA component had unique contributing

variables aswell.



Table V.8: Variables Associated with at Least $15 of ONTA Charges Per Day

Variable Average Effect on Models In Which
ONTA Charges /Day Variable Appears
Hospital-based Facility 167.46 ACRT
IV Therapy or Solution Use in SNF 83.47 ACR,T
Use of Respiratory Therapy in SNF 74.35 CRT
Dialysis 30.68 ART
Radiation 30.24 CRT
Suction 22.92 ACR,T
Lab Charges in Hospital 20.68 ACR,T
Bedfast 19.44 ACR,T
Parenteral IV 19.25 ACT
Oxygen Use 18.78 ACR,T
Transfusion 16.12 ART
Skin Ulcer 15.10 CRT
Variables strongly associated with Average Effect on the
the likelihood of any charges but not Likelihood of ONTA
in the above list Charges
Feeding Tube 0.32 ACR,T
Application of Dressings 0.20 ACRT
Hip Fracture 0.13 AR
Deyo Co-Morbidity Index 0.12 AC,R
Application of Medications 0.12 C.RT
Surgical Wound Care 0.11 CRT
Relief Bed Use 0.10 ACR,T

Notes: Only variables appearing in at least 2 patient classification categories are included in this table. The Average
Effect is the size of the effect on resource use per day of the presence of the indicator, or, in the case of continuous
variables, the size of the effect on resource use per day of the average per stay value of the variable. The following
abbreviations are used for the patient classification models: A=Acute, C=Chronic, R=Rehabilitation, T=Total patients.
Models run on the test sample with excluded observations as described in Chapter lIl.

The two-stage model was most effective in explaining the variation in respiratory therapy
and ONTA use and charges. Thefirst stage was able to explain nearly 25% and 10%,
respectively, of the presence of any use for respiratory therapy and ONTA, but only about 5% for
drug use. While many of the variables associated with an increased likelihood of any chargesin

the respiratory and ONTA models were also associated with large incremental charges per day,
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some variables only emerged in the first stage of the model, pertaining to the likelihood of any
use. Variablesthat had large effects on the likelihood of any respiratory or ONTA use but not on

the size of the charges are presented at the bottom of Tables V.7 and V.8, respectively.

Nor were variables identical across NP patient classification categories (acute, chronic, or
rehabilitation) within an NTA component. The tables above show that even variables with large
effects on resource use may not have an effect in every patient classification category. Even for
those variables that appeared in multiple patient classifications, the size of the effect on resource
use varied across classifications. For example, cellulitis has a much larger effect on drug charges

per day for chronic stays ($27.07) than for rehabilitation stays ($12.14).

Variables Related to Resource Use in CART Models?°

The CART models reinforced many of the two-stage model findings and also yielded
additional variables created as subcategories or interactions by the regression tree method. These
variables were included in the next model development step, moving the models toward a

payment system.

Moving the Models toward a Payment System

Using the two-stage model approach, we were able to explain fully one-third to one-half
of the variation in charges for the three NTA components at a stay level. Different explanatory

variables were significant for each NTA component, and the effect (coefficient) of many of the

2 Ryl details of the CART models of NTA resource use can be found in Chapter V.C and Appendix V.5 of Urban
Institute 2004.
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variablesin each NTA component model differed across patient classification categories.
Further, variables that were important in determining whether an NTA component was received
typically differed from those that were important in determining the per-diem charge (once the
service was received). Many modifications are required to move from these models to a model

upon which a payment system can be based.

Asaninitial step, we made the following refinements to the models developed to this
point: (1) removed variables considered undesirable in a payment system; (2) consolidated the
component models into models for total NTA resource use, converted to single stage models, and
incorporated information from the CART models and the first stage of the two-stage models as
additional variables; and (3) refined the variable selection process to limit the number of

variablesin the model. Each isdiscussed briefly in turn:

| nappropriate Payment System Variables

Since agood payment system must take into account the incentives created by the model,
we dropped variables from the models that were inappropriate for a payment system. Examples

of these variables can be found in Table V.9, along with the reason for their exclusion.
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Table V.9: Variables Excluded from the Model for Payment Related Reasons

Variable Reason for Exclusion Attempts to Proxy

Bedfast This variable creates an Examined ADL variables for mobility, and
undesirable incentive for the SNF combinations of these variables as substitutes
not to get patients out of bed

Hospital Unable to use this variable in a Examined substituting clinical characteristics and
Based payment system for equity reasons interactions found to be associated with hospital-
based SNF patients
Malnutrition This variable creates an Substituted variables such as a hospital diagnosis
on MDS undesirable incentive for the SNF of malnutrition, ADL Eating dependence >= 3, and
MDS - Swallowing problems
Feeding Tube This variable creates an Substituted variables such as a hospital diagnosis
undesirable incentive for the SNF of malnutrition, ADL Eating dependence >= 3, and
to use feeding tubes MDS - Swallowing problems

We attempted to proxy for those variables that had large effects on resource use through
various mechanisms. For the bedfast variable, for example, we looked at combinations of
mobility ADLSs. For other variables, such as malnutrition, we were able to substitute diagnosis

codes for the qualifying hospital stay, which by definition eliminated the SNF incentive problem.

Consolidating the NTA Componentsinto a Single Model

The first attempt to consolidate NTA components into one model was simply the union of
all of the second stage variables contained in any of the three component models, using the
substitutions for undesirable variables described in Table V.9. We then added interaction terms
derived from the CART model terminal nodes. The two-stage models were originally used
because of the concern that respiratory therapy is used in only a small percentage of stays (11%)
but when it is delivered, it is often costly (see Figure V.4). Therefore, we added variables to each
of the NP category models derived from the interaction of variablesin the first stage of the
respiratory therapy models that increased the likelihood of a patient receiving respiratory therapy

by 10%. (These variables can be found in Appendix V.4 of Urban Institute 2004.) Interacting
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each of six variables with all the others created up to fifteen potential variables that represented

the presence of two conditions or services—such as a variable indicating shortness of breath in

conjunction with adiagnosis of COPD. We aso included a variable suggested from the SIM

specifications: the interaction of respiratory therapy in SNF claims and oxygen use in the MDS.

Refining the Variable Selection Process

The resulting models contained far too many variables for an efficient payment system

and we were forced to significantly reduce the number, with agoal of lessthan 30 variablesin

each final model. We eliminated variables using several approaches:

A statistical selection process generated the order of addition to the models for each
variable in order to maximize the fit (R-squared) of the models. We were able to drop
many variables that contributed little to the fit of the model. Some variables such as organ
transplant status were retained in the model, even though they had a small impact on
overall fit, because they were associated with extremely high costs athough found in
only afew patients

Variables that entered the model in an unexpected and undesirabl e direction were
dropped. For example, the use of arelief chair was associated with l[ower NTA costsin
rehabilitation patients. Since we do not want to discourage the use of relief chairs, the
variable was dropped from the model

Variables that were too complex for a payment system based on adjustment factors were
also dropped. These were defined as interaction terms identified by the CART models
that involved the combination of more than three variables

After variable elimination, we converted continuous variables from the qualifying
hospital stay into categories. For example, hospital drug charges were divided into five
categories based on the percentile in which the drug charges fell: 0-50th, 51-75th, 76-
90th, 91-95th, 96-100th. This ensures that each SNF stay falls into only one of the five
categories. It has the added advantage of reducing some of the potential incentives for
hospitals to change their drug charging process in order to make their discharges more
appealing to SNFs.
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Final Modds

Variablesremaining in the final stay-level models are listed in Table V.10. Means are
provided for scales and continuous variables; percentages are provided for dichotomous
variables. The final stay level model for each of the three NP groupsis presented in Table V.11.
Ordinary least squares models were run using both wage-adjusted costs and wage-adjusted
charges as dependent variables, and the coefficients from the cost models are presented in the
table. They represent the average effect on the per diem non-therapy ancillary cost. For example,
asolid organ transplant patient in the acute profile group is, on average, $70.49 more costly per
diem than a patient without an organ transplant—not surprisingly, since these patients need

expensive drugs.
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Table V.10: Means for Variables in the Final NTA Models

Variables

Mean (% unless indicated)

Qualifying Hospital Variables
Diagnosis - Chronic pulmonary disease
Diagnosis - Hip fracture or osteoarthritis
Diagnosis - Malnutrition
Diagnosis - Renal failure
Diagnosis - Sepsis
Diagnosis - Skin ulcer
Diagnosis - Solid organ transplant
Diagnosis - Cellulitis
MDC - HIV
MDC - Infection but not sepsis
MDC - Myeloproliferative
Hospital per day drug charges >= 95th %tile
Hospital per day drug charges 90-95th %tile
Hospital per day drug charges 75-90th %tile
Hospital per day drug charges 50-75th %tile
MDS Variables
Chemotherapy
Dialysis
Foot infection
# of days with injections
Oxygen
Parenteral IV
Radiation
Suction
Tracheostomy care
Shortness of breath
Transfusion
Vomiting
# of mobility ADLs >= 3
ADL Scale - Bed mobility (0-4)
ADL Scale - Eating (0-4)
ADL Scale - Eating >= 3
ADL Scale - Locomotion off unit (0-4)
Barthel score (0-90)
Interaction Variables
Use of IV in claims and on the MDS
Use of respiratory therapy in claims and MDS oxygen use
MDS Injections > 1 and no IV use in claims
No use of IV in claims, ADL - Dressing <4 and no MDS -
Application of dressings
Use of IV in claims and Hospital diagnosis - COPD
Use of IV in claims and Hospital lab charges per day > $499
Use of IV in claims and Hospital MDC - respiratory system
Use of IV in claims and MDS - Relief bed use
MDS - Shortness of breath and MDS - Oxygen
MDS - Oxygen and Hospital MDC - respiratory system
Hospital Diagnosis - COPD and Hospital MDC - respiratory
system

24.23%
20.99
6.14
10.54
5.34
8.41
A3
4.92
.10
11.32
9.67
4.97
4.99
24.94
25.02

.93
2.88
1.91
1.59 days
31.49
7.42
.76
2.46
1.03
19.47
5.91
3.55
3.53 ADLs
2.02 units
1.14 units
22.74
2.81 units
38.16 units

9.10
6.82
31.75

72.38

4.72
2.26
5.32
3.22
15.01
20.87

23.42

Note: Statistics are based upon the test sample, and are percentages unless otherwise indicated.
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Table V.11: Final NTA Models: Variables and Their Dollar Effects on Cost Per Day

Variables Acute Chronic  Rehabilitation
Qualifying Hospital Variables
Diagnosis - Chronic pulmonary disease 7.66 7.26
Diagnosis - Hip fracture or osteoarthritis -5.04
Diagnosis - Malnutrition 5.62
Diagnosis - Renal failure 5.19
Diagnosis - Sepsis 8.76
Diagnosis - Skin ulcer 6.51 5.38 11.34
Diagnosis - Solid organ transplant 70.49 79.14
Diagnosis - Cellulitis 10.51
MDC - HIV 153.78 138.79 101.67
MDC - Infection but not sepsis 11.19 7.15
MDC - Myeloproliferative 11.45
Hospital per day drug charges >= 95th %tile 36.19 50.75 39.43
Hospital per day drug charges 90-95th %tile 32.14 36.48 27.73
Hospital per day drug charges 75-90th %tile 21.62 16.75 18.11
Hospital per day drug charges 50-75th %tile 10.39 11.41 10.93
MDS Variables
Chemotherapy 16.25
Dialysis 20.99
Foot infection 15.60 15.13
Injections 1.87 2.55 1.52
Oxygen 6.11
Parenteral IV 31.12 28.03 33.36
Radiation 24.64
Suction 225 18.35 15.88
Tracheostomy care 24.39 35.56 15.11
Shortness of breath 12.02 11.70
Transfusion 8.69 12.13
Vomiting 17.10
# of mobility ADLs >= 3 4.71
ADL Scale - Bed mobility 451 1.62
ADL Scale - Eating 4.61
ADL Scale - Eating >= 3 7.31
ADL Scale - Locomotion off unit 3.06
Barthel score 0.68 0.276
Interaction Variables
Use of IV in claims and on the MDS 68.33 38.80 65.36
Use of respiratory therapy in claims and MDS oxygen use 60.19 62.26 54.39
MDS Injections > 1 and no IV use in claims 8.92 10.59
No use of IV in claims, ADL - Dressing <4 and no MDS -
C . -21.96
Application of dressings
Use of IV in claims and Hospital diagnosis - COPD 14.09
Use of IV in claims and Hospital lab charges per day > $499 8.86 16.46
Use of IV in claims and Hospital MDC - respiratory system 21.27 9.38
Use of IV in claims and MDS - Relief bed use 55.74
MDS - Shortness of breath and MDS - Oxygen 12.59
MDS - Oxygen and Hospital MDC - respiratory system 8.73 417
Hospital Diagnosis - COPD and Hospital MDC - respiratory 5.20
system )

Notes: Coefficients are from cost models run on the test sample. All coefficients were significant at P<=.05.
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Thevariablesin Table V.11 have been grouped into three categories: (1) variables whose
values are determined from the qualifying hospital stay; (2) variables whose values are

determined from the MDS; and (3) variables that are a combination of two or more factors.

The variables with the largest effectson NTA resource use are similar to those found in
the two-stage models reported earlier in this chapter (see Table V.11). For example, the use of
IV increased costs directly by $68.33, $38.80 and $65.36 in the acute, chronic and rehabilitation
profile groups, respectively. An HIV diagnostic category was associated with much higher NTA

costs, $153.78, $138.79 and $101.67, respectively.

The variables that appeared in all three of the models have quite disparate effects across
the acute, chronic, and rehabilitation NP categories, supporting the use of separate models for
each category. As an example, tracheostomy care increased NTA costs by $15.11 to $35.56 per
diem, depending on the NP category. The coefficients on the charge models (not shown) had

similar patterns.

A few variables appear to be useful for assessing NTA costs that are not currently in the
MDS, and these variables could be included in the MDS instrument. As noted in Chapter IV,
one of theseis the use of intravenous medication on both SNF claims and MDS data. It not only
affects costs independently, but also appears to identify sicker patients within other services or
conditions—appearing in a number of interaction variables, including IV use in conjunction with
relief bed use—which increases the NTA cost by $55.74 in the chronic category. Accurately

identifying the provision of respiratory therapy is aso important. Simple changesin the MDS
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instrument could identify the delivery of 1V services and the delivery of respiratory therapy in

the SNF.

The model fit is shown in Table V.12 for both the cost and charge models, including both
the R-sgquared and the percentage of the top 10% of cases (measured by charges and costs) in
resource use accurately predicted in the top 10% by the model. The models explained 23%-25%
of the variation in wage-adjusted costs and 35%-37% of wage-adjusted charges. The models
were particularly adept at identifying high cost patients. Between 43.5% and 46.9% of staysin
the top 10% of costs were predicted to be in the top 10% of costs, while all 3 charge models had
more than one-half of stays with chargesin the actual top 10% also in the predicted top 10%.
These compare with 32% found in the Abt WIM models and 22% in RUG-I11 models (Abt

Associates 2000).
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Table V.12: Performance Summary for NP NTA Stay-Level Models

Acute Chronic Rehabilitation
(N=27,504) (N=24,310) (N=111,092)
Number of variables in model 21 22 29
Wage-adjusted costs
R-squared 0.25 0.23 0.24
Percentage of top 10% of cost cases correctly
predicted in top 10% 45.6 435 46.9
Wage-adjusted charges
R-squared 0.37 0.35 0.36
Percentage of top 10% of charge cases correctly
predicted in top 10% 55.1 51.2 53.5

Note: Models run on the test sample.

Validation and Facility-Level Analyses

We applied the coefficients derived from the models based on the test sample to the stays

in the validation sample of facilities (described in Chapter 111) as away of testing the models.

Performance summary statistics analogous to those in Table V.12 for the test sample models are

shown for the validation sample models in the top portions of Table V.13 (for wage-adjusted cost

models) and Table V.14 (for wage-adjusted charge models).

The validation procedure generated models with similar R-squared values and similar

percentages of correct predictions of the cases in the top 10% of charges and costs per day

compared to the original sample. For example, the wage-adjusted cost models for the validation

sample have R-sguared values of 0.23, 0.22 and 0.26, respectively for acute, chronic, and

rehabilitation categoriesin Table V.13. The models for wage-adjusted charges show similar

resultsin most cases, and the stay-level charge models relative to the cost models have, on
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average, higher R-squared values for the patient classification categories and do a slightly better

job identifying high cost cases.

Table V.13: Performance Summary for Stay- and Facility-Level NTA Cost Models

Acute  Chronic Rehabilitation Total
sample
Stay-level Models
Test Sample
R-squared 0.25 0.23 0.24 0.25
Percentage of top 10% of cost cases 45.6 435 46.9 46.1
correctly predicted in top 10%
STD of relative weights 0.70 0.67 0.67 0.68
Validation Sample 0.23 0.22 0.26 0.24
R-squared
Percentage of top 10% of cost cases 43.1 42.8 46.8 46.0
correctly predicted in top 10%
STD of relative weights 0.67 0.65 0.68 0.67
Facility Level R-squared 0.25 0.28 0.41 0.40
Facility-level Models (Validation Sample)
CMI Only Model
CMI Coefficient 1.05 1.08 1.14 1.15
R-squared 0.36 0.33 0.37 0.38
Standard Error 0.038 0.041 0.045 0.04
Coefficient different from 1 p=.18 p=.08 p<=.01 p<=.01
Payment Model
CMI Coefficient 1.04 1.07 1.13 1.14
R-squared 0.37 0.33 0.37 0.38
Standard Error 0.038 0.04 0.043 0.04
Coefficient different from 1 p=.25 p=.10 p<=.01 p<=.01
Fully-Specified Model
CMI Coefficient 0.93 0.94 0.98 0.99
R-squared 0.39 0.35 0.39 0.40
Standard Error 0.043 0.049 0.054 0.051
Coefficient different from 1 p=.11 p=.25 p=.70 p=.90

Notes: The test sample had the following sample sizes: Acute (N=27,504), Chronic (N=24,310), Rehabilitation
(N=116,915), Total sample (N=162,906). The validation sample had the following sample sizes: Acute (N=28,262),
Chronic (N=24,799), Rehabilitation (N=116, 915), Total sample (N= 169,976). Standard errors and P-values reported
are the Huber-White standard errors, correcting for heteroskedasticity. The CMI models all run on sample of
(N=1,384) facilities. The payment model includes urban/rural status and area wage index, in addition to the CMI. The
fully-specified model includes urban/rural status, area wage index, SNF bed size indicators, hospital-based status,
ownership type, and percent Medicare days, In addition to the CMI.
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Table V.14: Performance Summary for Stay- and Facility-Level NTA Charge Models

Acute Chronic Rehabilitation Total sample
Stay-level models
Test Sample
R-squared 0.37 0.35 0.36 0.36
Percentage of top 10% of charge cases 55.1 51.2 53.5 54.9
correctly predicted in top 10%
STD of relative weights 1.18 1.12 1.13 1.13
Validation Sample
R-squared 0.33 0.31 0.34 0.34
Percentage of top 10% of charge cases 51.2 49.1 52.9 49.1
correctly predicted in top 10%
STD of relative weights 1.14 1.10 1.10 1.14
Facility Level R-squared 0.41 0.39 0.59 0.50
Facility-level Models (Validation Sample)
CMI-Only Model
CMI Coefficient 0.50 0.55 0.55 0.57
R-squared 0.3 0.29 0.29 0.31
Standard Error 0.040 0.061 0.055 0.039
Coefficient different from 1 p<=.01 p<=.01 p<=.01 p<=.01
Payment Model
CMI Coefficient 0.49 0.56 0.56 0.57
R-squared 0.32 0.34 0.33 0.34
Standard Error 0.036 0.058 0.051 0.036
Coefficient different from 1 p<=.01 p<=.01 p<=.01 p<=.01
Fully-Specified Model
CMI Coefficient 0.42 0.46 0.46 0.47
R-squared 0.35 0.36 0.36 0.36
Standard Error 0.032 0.051 0.045 0.031
Coefficient different from 1 p<=.01 p<=.01 p<=.01 p<=.01

Notes: The test sample models had the following sample sizes: Acute (N=27,504), Chronic (N=24,310), Rehabilitation
(N=116,915), Total sample (N=162,906). The validation sample had the following sample sizes: Acute (N=28,262),
Chronic (N=24,799), Rehabilitation (N=116, 915), Total sample (N= 169,976). Standard errors and P-values reported
are the Huber-White standard errors, correcting for heteroskedasticity. The CMI models all run on sample of
(N=1,384) facilities. The payment model includes urban/rural status and area wage index, in addition to the CMI. The
fully-specified model includes urban/rural status, area wage index, SNF bed size indicators, hospital-based status,

ownership type, and percent Medicare days, in addition to the CMI.
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As afurther validation step, we "rolled up" the predictions to derive an average predicted
per diem NTA resource use over all Medicare covered days at each facility. The facility-level R-
squared values from regressions on the association between the average predicted per diem NTA
resource use and the actual per diem NTA resource use over all Medicare covered days at each
facility provide a measure of model fit at the facility level and are shown in the seventh row of
TablesV.13-V.14. For example, the cost models (Table V.13) yield R-squared values of 0.25,
0.28, and 0.41, respectively, for the acute, chronic, and rehabilitation NP categories, and the

charge models (Table V.14) yield somewhat higher values of 0.41, 0.39, and 0.59.

Finally, we joined stays in the three NP patient classification categories to examine the
model performance on the entire sample. Theresults arein the last column of TablesV.13-V.14.
For example, taking the predictions from each of the three cost models and comparing them with
the actual per diem costsin Table V.13 resultsin an overal fit of 0.25, and correctly predicts
46.1% of the cases with the top 10% of costs. (The corresponding figures for the charge models

in Table V.14 are 0.36 and 54.9%.)

Facility Case Mix Index (CMI) Models

Asdiscussed in Chapter |11, aCMI isaway of measuring facility differencesin patient
mix that lead to different average NTA cost burdens (and therefore expected payments). To
examine potential CM| coefficient compression, we estimated the three specifications of CM|
models outlined in Chapter 111: the CMI-only model, the payment model and the fully-specified

model. (Please refer to Chapter 111 for afull discussion of the CMI methodology.) Both cost-
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based and charge-based CMIs were developed. The results are shown in the "facility-level”

sections of Tables V.13 and V.14 (for cost models and charge models, respectively).

The cost-based CMI models (Table V.13) show some evidence of compression, with
coefficients on the CMI-only model between 1.05 and 1.15. All of the models that included all
facility characteristics, however, have coefficients that are not significantly different from one.
Thefit for all of the modelsis quite good, with the total sample model having an R-squared
value of .38 in the CMI-only model and 0.40 in the fully-specified model. However, in the
models based on charge-based CMI s, the facility-level cost regressions show decompression;
that is, they generated case mix differences among facilities that were larger than the actua
variation in resources used. For example, we find a CMI coefficient of 0.47 for the total sample
in the fully-specified model using charge-based CMls (Table V.14) compared to a coefficient of

0.99 using cost-based CMIs (Table V.13).

Charge-based CMIs also exhibit a broader distribution than cost-based CMIs. Thisis
consistent with the higher level of variation in the charge-based relative weights compared with
the cost-based relative weights, possibly because charge CMIs may retain more variation among
facilities than the average facility costs exhibit. Also, although not presented here, coefficients
from fully-specified models provide some insight into cost and charge patterns by facility
characteristics. For example, rura facilities had significantly higher NTA costs than urban
facilities. Such information could be useful in considering payment adjustments that might be
appropriate for certain facility types (e.g., rural). Overall, NPA facility-level analyses suggest
that basing NTA payments on the NP patient classification system developed in this chapter

would pay facilities roughly in proportion to NTA costs.
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D. Discussion

The NP-NTA model presented here is based on clinically relevant patient characteristics
and specially identified service indicators, rather than on more gameable characteristics or
services. The models performed well in explaining the observed variation in costs and charges at
both the stay and facility levels. Further, the models identified nearly half of the high cost stays
in asensitivity test. The CMI anayses showed asmall level of compression for the cost models,

but this disappeared in the presence of facility characteristics thought to influence facility costs.

This classification model system represents a significant change from the current system
of no separate payment system for NTA costs. CMS data and payment cal cul ation systems
would need to be modified to incorporate the new payment component. Some additional data
would be needed from hospital information and from SNF claims or possibly new MDS items.
The NP-NTA modelsrely on information from the prior hospital stay. While there are barriersto
transferring information from hospital to SNF in atimely manner, the advances in information
technology and the limited amount of information required suggest that such barriers can be
overcome. In addition, many of the hospital variables, such as discharge diagnoses, would be
valuable information for SNF caregiversin and of themselves. And the deadline for the
information transfer could be as |ate as the deadline for the first MDS submission. In addition, a
few key variablesin the NP-NTA model (such as 1V use and respiratory therapy) currently must
be obtained from SNF clams data. New MDS variables that accurately identify the required
information would be preferable but would require time to design, test, and implement. Thus,
both time and effort would be required by both CM S and the SNFs for devel opment,

implementation, and ongoing operational steps. In addition, since SNFs have become
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comfortable with the current system, they may be wary of changing to a new one—evenif it

promises to more accurately compensate them for the costliness of their patients.

E. NP-Therapy Models

Asdiscussed in our prior report (Maxwell, et al. 2003) and mentioned above, a unique
aspect of the SNF PPSisthat it essentially uses afee schedule-like mechanism to pay for
rehabilitation therapy, through basing rehabilitation therapy payment on the number of ordered
therapy minutes. A key goal of our analysesin this project isto explore whether SNF therapy
costs can be predicted using mainly patients’ clinical and functional characteristics. Similar
exploratory efforts were not successful in the original RUG-111 development work (Fries, et al.
1994). But this lack of success was due, at least in part, to the small number of Medicare SNF
stays available in that study sample, and the heterogeneous combination of Medicare SNF
patients and Medicaid nursing home residents in that sample. In this study, we have the
opportunity to explore classification options that cater to the Medicare SNF population only,

rather than all nursing home patients.

A cautionary note is needed, however, before proceeding. Evidence exists that facilities
behavior with respect to therapy use changed in response to PPS, and that these changes may
make it more difficult to find relationships between patient characteristics and therapy cost. For
example, Hutt, et al. (2001) found that facilities participating in the PPS demonstration increased
the provision of therapy relative to its provision prior to the demonstration, despite finding no
changesin resident case mix. Furthermore, thisincrease in therapy resulted in no improvement

in community discharge rates. As PPS was being phased in, Kramer, et al. (2002) found steadily
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decreasing percentages of residents in the ultra high and very high rehabilitation RUGs—the
high use categories—and steadily increasing percentages of residents in the high and moderate
rehabilitation RUGs. They also found clustering of rehabilitation patientsin afew RUG
categories that received add-on payments. Because patient characteristics can more easily
predict large differencesin therapy payment than minor differences, this clustering of patients
into selected RUG categories associated with small differencesin therapy cost makesit more
difficult to identify patient predictors of therapy cost. Thisis supported by White (2003), who
noted that the proportion of SNF residents receiving very high or very low amounts of therapy
dropped from 1997 to 2000, while the percentage of residents receiving moderate amounts of
therapy increased over the same pre- and post-PPS period. We found that in the for-profit SNFs,
where this was most likely to occur, patient characteristics were less predictive of therapy costs

than in other types of SNFs.

Taken together, these findings suggest that predicting current SNF charges (or costs) may
result in amodel that reflects the particular incentives at work in the current reimbursement
system, not necessarily patient need, and that our modeling may be hampered by this disconnect.
Nonetheless, current charges and costs are the best data available on a current and repeated basis.
With payments based initially on average costs, it is to be hoped that better incentivesin the
payment system will lead average costs to converge over time more closely to the efficient

marginal cost of providing high quality care.

In this section, we first describe the methods pertaining specifically to payment model
development for therapy services. The overall approach is similar to that used for NTA services

and covered in the preceding sections of this chapter. Results are then presented relating to (a)
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distributions of costs and charges for therapy services, (b) our preliminary models using charges
as the dependent variable, and (c) our more refined cost models at both the stay and facility
levels. These results are followed by a discussion of the issues relating to payment system

development for therapy services.

Methods

Following the NTA analysis approach, the test sasmple and validation sample described in
Chapter 111 were used for these analyses, with charges and (wage-adjusted) costs per day asthe
dependent variables. Our objective was to identify factors that were associated with changesin
therapy resource use (charges and costs per day) and could be incorporated into a payment
system. We developed models for each NP group (acute, chronic, and rehabilitation) separately

and for all three groups combined.

Analyses were run separately for the different components that constitute total therapy
charges and costs. Physical therapy (PT) and occupational therapy (OT) had similar utilization
patterns, had similar relationships with other variables, and were provided to similar patients,
these components were summed, therefore, to create a combined PT/OT per diem charge and a
combined PT/OT per diem cost. Speech therapy (ST) wasin sharp contrast—with aquite
different pattern of utilization, dissimilar relationships with other variables, and distinctly

different types of patients to whom it was provided. As such, ST was analyzed separately.

The analyses began with an examination of distributions of charges and costs (only the
findings for charges are presented since those for costs were similar). Then, correlations

between dependent and possible independent variables were examined and stepwise regressions
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were run to identify and refine the group of independent variables to be included in the final
models. Facility characteristics and certain resident characteristics that would be inappropriate
for usein a payment system (e.g., bedfast, use of feeding tube) were not entered into the models
regardless of the strength of their association with charges. Key variables were identified in
terms of their estimated impact on charges per day. For dichotomous variables, the dollar
amount is simply the variabl€e' s coefficient. For continuous variables, we calculated the effect on

charges by multiplying the coefficient by the average value of the continuous variable.

We conducted further analyses using wage-adjusted per diem costs as the dependent
variable instead of per diem charges. We examined correlations between possible independent
variables and the cost variables, and also employed regression tree modeling (using CART) to
identify potentially important interactive and nonlinear variables® Refined stay-level models
were estimated and performance statistics generated as was done in the NTA analyses.
Thereafter, validation analyses were carried out and facility-level models were estimated using
the validation sample. (The facility-level models were the CMI-only, payment, and fully-
specified models described in Chapter I11 and the previous sections of this chapter.) Model
statistics including the R-squared, coefficient of logged CMI, standard error, and p-value of atest

for CMI coefficient = 1.0 were generated.

2 Bedfast was particularly problematic in that it was strongly associated with therapy costs but including it in a
payment system would generate an undesirable incentive. We therefore modeled bedfast as a dependent variable
and created proxy bedfast variables consisting of combinations of mobility ADLs (bed mobility, transfer, walk in
room, walk in corridor, and locomotion on and off unit). These proxy bedfast variables were included in the
stepwise regressions if they were correlated with PT/OT or ST costs at R>0.10.
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F. Results

Distributions

Distributions of chargesfor PT and OT are provided in Figures V.7 and V.8, respectively,
for patients who received at least some of the service. Both of these distributions are bell
shaped, but with atail to the right representing the stays with substantial PT and OT use. The
left side of both distributions drops sharply, because only a small proportion of patients received
minimal PT or OT services. The median value for PT is $8 per day higher than for OT, but the
use pattern of these 2 servicesisvery similar. The maximum value for both these services was

extremely high prior to eliminating outliers.
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Figure V.7: PT Charge Distribution (All Stays with PT Charges > $0)
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Figure V.8: OT Charge Distribution (All Stays with OT Charges > $0)
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Note: Distribution is based upon the test sample, prior to application of data exclusion rules, and illustrates charges
per day for 123,284 stays with more than $0 OT charges

The distribution for ST (Figure V.9) is entirely different from the other two distributions.
Of the people receiving ST services, the vast majority received relatively small amounts per day,
with amedian daily charge of $33. The use pattern is quite different from those of PT and OT,
with adeclining number of users as charges per day increase. High-end users still exist, but are
not as extreme as for PT and OT. Thisdistinctly different use pattern suggests that ST use may
be driven by a different process, making it worthwhile to examine ST separately from PT and

QoT.
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Figure V.9: ST Charge Distribution (All Stays with ST Charges > $0)
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Figure V.10 shows the distribution of the sum of PT and OT charges. As expected, the

curve looks similar to the individual PT and OT curves.
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Figure V.10: PT/OT Charge Distribution (All Stays with PT/OT Charges > $0)
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Note: Distribution is based upon the test sample, prior to application of data exclusion rules, and illustrates charges
per day for 144,729 stays with more than $0 PT/OT charges

Also important to note is that the therapy distributions show a high percentage of cases
with zero therapy charges and some very high per-day charges in the right-hand tail of each
distribution. Table V.18 shows that over 80% of SNF patients have PT charges, nearly three-
guarters have OT charges, and about 85% have PT or OT charges. In contrast, less than 20%
receive ST, which is a distinguishing characteristic of ST relative to PT and OT. The 95™
percentileis about 3 times the median for the different therapy components. (The medians are

shown in FiguresV.7-V.10.)
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Table V.18: Distribution Skew for Therapy Charges

% w/ no 95th 97th 99th

charges percentile percentile percentile
PT 17.7 $189 $222 $301
oT 27.8 146 168 221
ST 80.8 114 133 189
PT/OT 15.3 306 352 466

Note: Statistics are based upon the test sample, prior to application of data exclusion rules. Percentiles are based on
only those stays with more than $0 charges by discipline (n=140,645 for PT, n=123,284 for OT, n=32,879 for ST,
n=144,729 for PT/OT).

Variation in therapy costs and charges per day is depicted in Table V.19 for all stays and
the three NP groups. As expected, mean PT/OT charges are higher for the rehabilitation group
than for the acute and chronic groups. The standard deviation is similar for all three groups,
thus, the coefficient of variation (CV), representing the ratio of the standard deviation to the
mean, is lowest for the rehabilitation group relative to acute and chronic groups. The CV
provides arelative comparison of variation in which lower CVs represent less variation. The
reduced variation in the rehabilitation group probably represents a narrowing of the distribution
of therapy use under the current PPS, in which there is an incentive to provide specific levels of
therapy for those receiving rehabilitation. As expected, average PT/OT costs are substantially
lower than charges following application of the cost-to-charge ratios. However, the means,
standard deviations, and CVsfollow a similar pattern for costs as they did for charges across the

three patient categories.
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Table V.19: Variation in Therapy Cost and Charges Per Day

All Stays Acute Chronic Rehabilitation
(n=163,738) (n=27,563) (n=24,392) (n=111,184)

PT/OT Charges

Mean 113.27 89.74 80.20 126.49

Standard Deviation 99.86 92.95 96.62 99.53

Coefficient of Variation 0.88 1.04 1.20 0.79
PT/OT Costs

Mean 64.88 52.08 45,97 75.24

Standard Deviation 51.33 50.03 50.20 50.19

Coefficient of Variation 0.79 0.96 1.09 0.69
ST Charges

Mean 8.43 12.27 8.59 7.45

Standard Deviation 25.14 30.73 25.19 23.45

Coefficient of Variation 2.98 2.51 2.93 3.15
ST Costs

Mean 5.20 7.67 5.51 451

Standard Deviation 15.62 19.48 16.21 14.21

Coefficient of Variation 3.01 2.54 3.00 3.15

Note: Statistics are based upon the test sample

Mean speech therapy charges and costs are substantially |ess than the respective means
for PT/OT, as expected with the huge number of zero values for ST. However, asindicated
earlier, when ST is provided, the cost is significant. Due to the high standard deviation resulting
from large numbers of zeros and fairly high values on the other extreme, the standard deviation

and coefficient of variation are both substantial for ST charges and costs.

Preliminary Models

In selecting predictors for therapy charges, we began by examining correlations

separately for PT/OT and ST charges. We reasoned that if correlations were similar for PT and
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OT relativeto ST, then we could combine all 3 therapy services, despite the differencesin
distributions. However, asindicated in Table V.20, we found opposite correlations between
PT/OT charges and ST charges for many of our key variables. For example, low-Barthel Index
representing extreme dependence was associated with less PT/OT but higher ST charges. The
mid-Barthel Index, associated with the highest PT and OT charges, was actually negatively
associated with ST charges. The Cognitive Performance Scale (CPS), in which higher values
were associated with greater cognitive impairment, was negatively associated with PT/OT
charges, suggesting less therapy for those who are cognitively impaired, but positively associated
with the ST charges. Individual ADLSs follow the same pattern as the Barthel Index, with greater
independence on the eating ADL scale associated with less PT and OT but more speech therapy.
As expected, swallowing problems, which are treated by speech therapists, were associated with
higher ST charges but with lower PT and OT charges. Even conditions and diagnoses like
surgical wound care and musculoskeletal diagnosis have opposite correlations between PT/OT

and ST.
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Table V.20: Correlations of Predictors with PT/OT vs. ST Charges

PT/OT Charges ST Charges
Low Barthel Index -0.240 +0.122
Mid Barthel Index +0.193 -0.053
Eating Assistance Required -0.263 +0.187
Eating (independent) +0.188 -0.168
Cognitive Performance Impaired -0.253 +0.075
Cognitive Performance Intact +0.223 -0.160
Swallowing Problem -0.133 +0.319
Surgical Wound +0.186 -0.073
Musculoskeletal Diagnosis +0.140 -0.065

Note: Statistics are based upon the test sample, prior to application of data exclusion rules

Such a pronounced difference in correlation structure between predictors and the
dependent variable indicates the usefulness of examining the two components separately. Thus,
our strategy was to build models separately for PT/OT charges and ST charges, with the idea that
these could be combined in building the therapy payment model. In the next stage of analysis,

we plan to explore the models that combine the two components.

Models were built using variables from the qualifying hospital stay and the MDS at the
resident level. These models did not include any facility characteristics, which would be
considered after aggregating to the facility level. Person-level R-squared for the initial resident-
level charge models are provided in Table V.21 separately for PT/OT and ST. Our ability to
explain PT/OT variance was less in the rehabilitation group than for either the acute or chronic

group. We were also less successful in explaining variation in ST use among patientsin the
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chronic group. Interestingly, among the three NP groups, the chronic group had models that

explained the highest amount of PT/OT variations and the lowest amount of ST variation.

Table V.21: Explanatory Power for Initial Charge Models

PT/OT ST
Acute 0.248 0.190
Chronic 0.337 0.113
Rehabilitation 0.164 0.209

Note: Statistics are based upon the test sample, prior to application of data exclusion rules

Variables associated with at least $5 aday in PT/OT charges based on the regression
results are provided in Table V.22, with the dollar value of this association indicated for each
patient category for which the association is significant. Qualifying hospital variables are listed
first, followed by MDS variables. These initial modelsincluded only main effects without
interaction terms. Charges per day in the hospital relating to both therapies and total charges
were highly associated with increased PT and OT use particularly for the rehabilitation group.
Several diagnoses related to medical problems were negatively associated with PT/OT use and
those related to muscul oskel etal disease were positively associated with PT/OT as expected. For
anumber of the ADLs (e.g., bed mobility), the moderate level of function was associated with
higher PT/OT therapy use than the most dependent level of function using independent function
asthe reference.”? In some cases (e.g., walking in room and in corridor), however, a more linear

relationship appears to exist between ADLs and PT/OT use, with the most dependent levels

2 For the PT/OT analyses, the ADL scales were transformed into dichotomies representing moderate (mod) and high
(max) dependency levels. The purpose of this approach was to reflect the non-linear nature of the relationship
between ADLs and PT/OT use.
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associated with the highest levels of PT/OT use. Neither the variables nor the coefficients for the
variables were consistent across the three NP groups, reinforcing the need to continue with

separate modelsinitially.
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Table V.22: Variables Associated with at least $5 of PT/OT Charges per Day

Variable Acute Chronic Rehab
(n=28,600) (n=25,700) (n=114,908)
Qualifying Hospital Variables
Hospital - Respiratory infection -10.18
Hospital - Mental disorders -7.28
Hospital —Skin/subcutaneous tissue disease -0.88
Hospital — Osteoarthritis 12.05 10.19
Hospital - Mental disorders -6.03
MCD - Infectious & parasitic -12.75 -7.06
MDC - Musculoskeletal system 10.11
PT/OT charges per day prior hosp’n 14.11 14.00 17.87
Total charges per day prior hosp’n 11.62 8.47 16.71
Potential acute diagnosis -6.82
MDS Variables
ADLs
Bed mobility (mod) 10.81 15.21
Bed mobility (max) 8.33 13.54
Transfer (mod) 16.41 9.39
Transfer (max) 5.78
Walk in room (mod) 9.15 9.48
Walk in room (max) 28.47 16.98
Walk in corridor (mod) 7.10 7.58
Walk in corridor (max) 14.99 15.39
Locomotion on unit (mod) 21.00 20.92
Locomotion on unit (max) 12.92 14.05
Locomotion off unit (mod) 6.08 9.15
Locomotion off unit (max) 23.24 24.79
Dressing (mod) 8.01 12.65
Dressing (max) 7.87 12.92
Eating (mod) -6.88 8.10
Eating (max) -15.35 -21.90
Toileting (mod) 11.47 10.46
Toileting (max) 13.81 5.56
Hygiene (mod) -6.06 -11.14
Hygiene (max) -21.62 -23.34 -8.62
Bathing (mod) -6.64 14.40
Bathing (max) -23.61 -19.43
Number of 6 ADLs that are max dep -31.66 -28.46
5 day Barthel Index 22.96
Others
Cognitive skills scale -14.40 -12.47 -8.99
Surgical wound 10.38 14.07
Charges R-squared 0.248 0.337 0.164

Note: Statistics are based upon the test sample, prior to application of data exclusion rules.
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Variables associated with at least $1 per day in ST charges are provided in Table V.23.
Qualifying hospital variablesinclude ST charges per day and diagnoses related to stroke and
nervous system, which were expected to be associated with increased ST charges. The MDS
ADL scaleswere generally associated with lower ST charges. Swallowing problems, memory
problems, and chewing problems were al associated with higher ST charges. Once again,

differences were found among the three NP groups.
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Table V.23: Variables Associated with at least $1 of ST Charges per Day

Variable Acute Chronic Rehab
(n=28,604) (n=25,703) (n=114,908)

Qualifying Hospital Variables

Hospital - Stroke 14.33 8.27 11.31

MDC - Nervous system 1.45 1.97 1.51

ST charges per day prior hosp’'n 2.36 1.10 1.29
MDS Variables

ADLs

Bed mobility scale -2.58 -3.05

Transfer scale -2.49 -2.42

Walk in room scale 2.50

Walk in corridor scale -2.69

Locomotion on unit scale 1.68

Toileting scale -1.70

Hygiene scale -3.19 -1.47

Bathing scale -1.73

All 6 mobility ADLs are max dep 2.19

5 day Barthel Index -5.46 -6.89

Others

Memory problem 3.07 2.36 2.18

Cognitive skills scale -2.18 -1.69

Turn/reposition program -1.08

Swallowing problem 12.28 17.61

Chewing problem 1.62 1.14 1.67
Charges R-squared 0.190 0.113 0.209

Note: Statistics are based upon the test sample, prior to application of data exclusion rules.

Final Therapy Cost Models

More refined models were generated separately for PT/OT costs and ST costs using
wage-adjusted costs as the dependent variable rather than charges. These stay-level models were
then validated on the validation sample in which, as noted, facilities were randomly selected and
all stays within each facility were included. Facility-level R-squared and CMIs were then

calculated using these final models.
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Table V.24 provides the means for all variablesin the final PT/OT and ST cost models.
These are separated into the qualifying hospital variables, MDS variables (distinguishing ADLs
from others), and interaction terms. Qualifying hospital variables include the PT/OT and ST
charge per day from the previous hospital stay and a series of diagnoses or specific major

diagnostic categories (MDCs).

Table V.24: Means for Variables in the Final PT/OT and ST Cost Models

Variable Mean (% unless indicated)

Qualifying Hospital Variables
Hospital - Hip fracture 9.0%
Hospital - Dementia 20.4
Hospital - Injury 28.1
Hospital - Mental disorders 33.2
Hospital - Musculoskeletal & connective tissue disease 31.9
Hospital - Osteoarthritis 12.9
Hospital - Respiratory infection 17.3
Hospital - Stroke 7.6
Hospital - Skin/Subcutaneous tissue disease 13.1
MDC - Infectious & parasitic 16.7
MDC - Musculoskeletal system 44.5
MDC - Respiratory system 41.9
MDC - Skin, subcutaneous tissue 15.7
MDC - Nervous system 37.2
Potential acute diagnosis 72.7
PT/OT charges per day ($) 81.50
ST charges per day ($) 8.92
Speech therapy use 15.1

MDS Variables
ADLs
Bed mobility (mod) 50.7
Bed mobility (max) 25.6
Transfer (mod) 57.7
Transfer (max) 32.0
Walk in room (mod) 65.8
Walk in room (max) 24.2
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Table V.24: Means for Variables in the Final PT/OT and ST Cost Models

Variable Mean (% unless indicated)
Walk in corridor (mod) 65.6
Walk in corridor (max) 26.7
Locomotion on unit (mod) 43.9
Locomotion on unit (max) 41.6
Locomotion off unit (mod) 35.3
Locomotion off unit (max) 54.8
Dressing (mod) 56.1
Dressing (max) 36.5
Eating (mod) 22.9
Eating (max) 17.0
Toileting (mod) 51.5
Toileting (max) 38.8
Hygiene (mod) 52.3
Hygiene (max) 32.6
Bathing (mod) 76.5
Bathing (max) 11.8
Low 5-day Barthel Index 19.1
Others
Memory problem 49.5
Cognitive skills (mid) 24.9
Cognitive skills (mod-sev impair) 21.0
Making self understood (usually/sometimes) 22.5
Making self understood (rarely/never) 4.5
Speech clarity (unclear/none) 13.6
Understand others (usually) 18.2
Understand others (sometimes/rarely/never) 14.6
Chewing problem 16.7
Swallowing problem 17.4
Surgical wound 28.4
IV med/soln from SNF claim or MDS 9.1

Interaction Variables
Stroke & cognitive skills (any impair) 5.7
Stroke & eating (any dep) 55
Stroke & swallowing problem 3.4
Swallowing problem & cognitive skills (any impair) 15.4
Swallowing problem & cognitive skills (mod-sev impair) 4.9
Swallowing problem & eating (any dep) 16.3
Surgical wound & arthritis 14.7
Eating (min/mod) & surgical wound 12.5

Note: Figures are based upon the test sample and are percentages unless otherwise noted
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Table V.25 provides the regression coefficients for all variables present in the final
PT/OT cost models, by patient group. Hospital charges are positively associated with PT/OT
costsin the SNF. While diagnoses such as osteoarthritis, musculoskeletal system, injury, and hip
fracture are positively associated with PT/OT in various groups, the medical diagnoses are
typically negatively associated with PT/OT, as we might expect. As previously discussed, the
MDS variables follow two patterns. Many (e.g., bed mobility, transfer, locomotion on unit) are
associated with increased PT/OT use at the moderate dependency level, with a decrease or a
smaller increase in PT/OT cost at the more dependent level. Other ADLSs (e.g., walking in room,
walking in corridor) have amore linear relationship with costs, in which the moderate level is
associated with a moderate increase in costs and the dependent level is associated with a higher
increase in cost. Once again, these associations reinforce the need to treat ADLs in a non-linear
fashion when predicting PT/OT costs. A number of other MDS variables found to be predictive
of PT/OT costs have aso been added to the file. These include cognitive skills, understanding
others, and making oneself understood, as well as problems related to swallowing and chewing.
IV medication was associated with less PT/OT, not surprisingly since such individuals are
unlikely to be able to participate fully. Surgical wounds, particularly in the interaction terms of

eating and arthritis, were predictive of PT/OT costs.
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Table V.25: Final PT/OT Models: Variables and their Dollar Effects on Cost per Day

Acute Chronic Rehabilitation

Variables (n=27,104) (n=24,083)  (n=110,977)

Qualifying Hospital Variables
Hospital - Respiratory infection -7.37
Hospital - Dementia -3.99 -3.42
Hospital - Injury 4.92
Hospital - Skin/Subcutaneous tissue disease -9.46 -8.38
Hospital - Osteoarthritis 7.06 9.05
Hospital - Mental disorders -2.43
Hospital - Musculoskeletal & connective tissue disease -1.61
Hospital - Hip fracture 7.82
MDC - Infectious & parasitic -7.61 -4.20
MDC - Skin, subcutaneous tissue 2.13
MDC - Musculoskeletal system 2.67 4.57
MDC - Respiratory system -1.94
PT/OT charges per day 0.10 0.10 0.08
Potential acute diagnosis -3.37
MDS Variables
ADLs
Bed mobility (mod) 2.58 2.70 2.97
Bed mobility (max) -0.93 -1.69 5.33
Transfer (mod) 8.56 6.00 8.51
Transfer (max 2.83 0.76 4.78
Walk in room (mod) 3.24 2.75 6.52
Walk in room (max) 13.50 8.49 7.19
Walk in corridor (mod) 6.85 5.08 2.47
Walk in corridor (max) 12.14 6.05 1.10
Locomotion on unit (mod) 6.42 7.48
Locomotion on unit (max) 2.84 5.36
Locomotion off unit (mod) -0.27 2.80
Locomotion off unit (max) 3.34 5.09
Dressing (mod) 3.99 6.99 2.14
Dressing (max) 3.90 6.81 6.35
Eating (mod) -0.46 -5.53 -1.57
Eating (max) -7.98 -13.62 -9.61
Toileting (mod) 4.20 2.20 3.63
Toileting (max) 5.74 -3.04 1.37
Hygiene (mod) -1.88 -4.95 -2.77
Hygiene (max) -8.12 -10.77 -11.04
Bathing (mod) 1.80 0.25
Bathing (max) -7.13 -6.54
Low 5-day Barthel Index -13.71
Others
Cognitive skills (mid) -3.22 -3.16 -2.24
Cognitive skills (mod-sev impair) -8.70 -8.22 -3.17
Understand others (usually) -1.79 -1.21
Understand others (sometimes/rarely/never) -7.46 -4.99
Making self understood (usually/sometimes) -0.14
Making self understood (rarely/never) -8.88
Memory problem -4.06
Swallowing problem 2.71 1.95
Chewing problem -1.62
Surgical wound 2.12 -1.07
IV med/soln from SNF claim or MDS -11.45
Interaction Variables
Eating (min/mod) and surgical wound 14.55
Surgical wound and arthritis 19.12
Wage-Adjusted Costs R-squared 0.191 0.269 0.121

Note: Statistics are based upon the test sample.
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In the final PT/OT cost models, the person-level R-squared values were lower for the
rehabilitation group than the acute and chronic groups, probably because of the effects of PPS
previously mentioned. Therapy amounts and hence therapy cost for patients in rehabilitation
RUGs appear to be driven by payment policy, resulting in less cost variation and variation that is
less tied to patient characteristics. To the extent that the lack of variation in therapy costsisan
artifact of the existing payment system, in which therapy is provided according to payment
category incentives rather than specific patient needs, it will be difficult to relate patient

characteristics to therapy costs.

Table V.26 includes the variables and their regression coefficients for the final ST cost
models. Two prior hospital use variables for ST were highly predictive of ST costsin the SNF,
including the dichotomous indicator of whether any speech therapy was provided and the charge
per day variable. Two diagnoses that we would expect to be associated with ST costs were al'so
in the model, stroke, and nervous system diseases. Although the ADLs were generally less
strongly associated with ST, they typically followed the pattern of increased costs at the
moderate dependence level and either smaller increases or decreased costs at the most dependent
level, aswe found earlier. The variablesrelating to swallowing, chewing, cognition, and speech
and language were all associated with ST, as expected. Scalesin some of these instances were
broken into dichotomies (e.g., making self understood) so that the mid-range was associated with
increased ST costs and the most dependent range was associated with decreased costs. Several
interaction terms were also important, particularly in the rehabilitation group. The R-squared for

these models did not change much from the charge models.
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Table V.26: Final ST Models: Variables and Their Dollar Effects on Cost per Day

Variables Acute Chronic Rehabilitation
(n=27,098) (n=24,059) (n=110,955)
Qualifying Hospital Variables
Hospital - Stroke 8.11 5.39 2.82
MDC- Nervous system 0.99 1.58 1.00
Speech therapy use 4.98 3.81 4.16
Speech therapy charge per day 0.06 0.05 0.05
MDS Variables
ADLS
Bed mobility (mod) 0.62
Bed mobility (max) -1.08
Walk in corridor (mod) -0.68
Walk in corridor (max) 1.13
Eating (mod) 1.99 2.30 0.60
Eating (max) 0.62 1.22 0.32
Hygiene (mod) 0.24
Hygiene (max) -0.13
Bathing (mod) 0.10
Bathing (max) -1.26
Others
Swallowing problem 7.30 8.55 7.13
Chewing problem 1.46 0.92
Cognitive skills (mid) 1.46 0.94 0.67
Cognitive skills (mod-sev impair) 0.75 1.07 0.43
Making self understood (usually/sometimes) 1.99 1.58 1.47
Making self understood (rarely/never) -3.04 -2.41 -0.83
Speech clarity (unclear/none) 2.65 1.14 2.64
Understand others (usually) -0.17 0.72 -0.10
Understand others (sometimes/rarely/never) -2.57 -0.05 -0.92
Memory problem 1.13
Interaction Variables
Stroke & swallowing problem 3.93
Stroke & eating (any dep) 2.04
Stroke & cognitive skills (any impair) 1.48
Swallowing problem & cognitive skills (any impair) 0.97
Swallowing problem & cognitive skills (mod-sev impair) -4.20
Swallowing problem & eating (any dep) 2.81
Wage-Adjusted Costs R-squared 0.185 0.120 0.207

Note: Statistics are based upon the test sample.
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Validation and Facility-Level Analyses

Table V.27 provides both stay and facility-level model fit using wage-adjusted costs as
the dependent variable for PT/OT. Inthefirst line of the table, the R-squared values for the
patient stay models for each NP group from Table V.25 are provided, along with the R-squared
of the total sample (0.192). The model is stable, as reflected by the validation R-squared values,
which are comparable. The proportion of stays with costs in the top 10% that are predicted by
the model to bein thetop 10% is also relatively comparable in the two samples (i.e., 27.7%in

the test sample, 29.3% in the validation sample).

The R-squared at the facility level drops considerably for the rehabilitation group and the
total sample. Although the variation in PT/OT cost did decrease after aggregating to the facility
level (the standard deviation developed from 52 at the resident level to 32 at the facility level),
the amount of smoothing was not nearly as large asthat seen in NTA costs (where the standard

deviation declined from 82 to 35).
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Table V.27: Performance Summary for Stay and Facility-Level PT/OT Cost

Models
Acute Chronic Rehabilitation  Total sample
Stay-level models
Test Sample
R-squared 0.191 0.269 0.121 0.192
Percentage of top 10% of cost cases 23.8% 35.4% 26.8% 27.7%
correctly predicted in top 10%
STD of relative weights 0.414 0.564 0.242 0.345
Validation Sample
R-squared 0.185 0.266 0.127 0.193
Percentage of top 10% of cost cases 24.2% 39.7% 27.9% 29.3%
correctly predicted in top 10%
STD of relative weights 0.407 0.561 0.240 0.341
Facility Level R-squared 0.196 0.230 0.066 0.130
Facility-level Cost Models (Validation
Sample)
CMI-Only Model
CMI Coefficient 1.40 1.30 154 1.20
R-squared 0.208 0.241 0.085 0.139
Standard Error 0.097 0.094 0.208 0.110
Coefficient different from 1 <0.001 0.002 0.009 0.073
Payment Model
CMI Coefficient 1.40 1.28 1.52 1.20
R-squared 0.209 0.250 0.096 0.149
Standard Error 0.097 0.094 0.204 0.107
Coefficient different from 1 <0.001 0.003 0.010 0.061
Fully-Specified Model
CMI Coefficient 1.37 1.34 1.54 1.20
R-squared 0.227 0.258 0.121 0.171
Standard Error 0.099 0.101 0.228 0.120
Coefficient different from 1 <0.001 <0.001 0.019 0.103

Note: Sample sizes for the 10% random sample models are: Acute n=27,105, Chronic n=24,084, Rehabilitation
n=110,978, Total sample n=162,167. Sample sizes for the validation sample models are: Acute n=27,903, Chronic
n=24,614, Rehabilitation n=116,829, Total sample n=169,346. Sample sizes for all facility level models are: Acute
n=1,367, Chronic n=1,347, Rehabilitation n=1,385, Total sample n=1,386 facilities. The payment model includes
urban/rural status and area wage index, in addition to the CMI. The fully-specified model includes urban/rural status,
area wage index, SNF bed size indicators, hospital-based status, ownership type, and percent Medicare days, in
addition to the CMI. Standard errors and p-values reported are the Huber-White standard errors, correcting for
heteroskedasticity.

These results suggest that facility-level therapy costs are highly idiosyncratic, with
therapy provision apparently being driven by the incentives in the current payment system
(providing therapy at the levels that are most profitable), reducing person-level variation based

on need and increasing the tendency for use to be driven by facility characteristics and other

factors.

126



The increase in R-squared when facility characteristics are added to the CMI model
provides further indication of this. In addition, when we estimated CMI-only models for PT/OT
costs in the rehabilitation group separately for nonprofit and for-profit facilities, the results were
R-sguared values of 0.127 and 0.067 for nonprofit and for-profit homes, respectively, illustrating
that the variation in costs is better explained by patient characteristics alone in nonprofit homes
thanitisin for-profit homes. This suggests that for-profit facilities may use a more standardized,
less patient driven, approach to therapy provision. For-profit freestanding SNFs have been
shown to have dramatically changed the therapy services they provided following PPS
implementation, using largely moderate to high payment categories (White 2003). The current
system, therefore, makes it very difficult to estimate models predicting therapy use at the facility
level. Overall, the CMI coefficients are greater than 1 and the differences are statistically
significant at the 5% level for the individual NP groups but not for the total sample. For
example, the payment model for the total sample has a CMI coefficient of 1.2, which was not
significantly different from 1.0 at the 5% level but was significant at the 10% level. The R-
squared for this model and sample was about 15%. For all facility-level models, the R-squared
for the rehabilitation group, where there is least variation in the dependent variable for estimating

the prediction model, was the lowest.

Table V.28 shows model fit for wage-adjusted ST costs. In this case, the rehabilitation
group had the highest R-squared. The stay-level R-squared values were reasonably well
validated in the validation sample, despite the relatively small number of cases receiving speech
therapy, and were also comparable at the facility level. Over 40% of the casesin thetop 10%in

speech therapy were predicted to be in the top 10%, reflecting model strength in terms of the
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ability to predict cases using substantial ST. The payment model had a CMI coefficient of 1.01
and an R-squared of greater than 20% for the total sample. For al facility-level cost models
(total sample), the ST models were more predictive of facility-level costs and better able to
capture high-cost patients than the PT/OT models. Over thetotal samples, the ST models also

produced payment weights that would pay facilitiesin proportion to their ST costs.
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Table V.28: Performance Summary for Stay and Facility-Level ST Cost Models

Acute Chronic Rehabilitatio Total
n sample
Stay-level models
Test Sample 0.185 0.120 0.207 0.191
R-squared
Percentage of top 10% of cost cases 36.8% 34.0% 45.6% 42.4%
correctly predicted in top 10%
STD of relative weights 1.090 1.036 1.419 1.315
Validation Sample
R-squared 0.166 0.108 0.191 0.176
Percentage of tqp 10% of cost cases 36.8% 33.1% 46.2% 42 6%
correctly predicted in top 10%
STD of relative weights 1.078 1.045 1.440 1.320
Facility Level R-squared 0.236 0.137 0.120 0.197
Facility-level Cost Models
(Validation Sample)
CMI-Only Model
CMI Coefficient 0.89 0.72 0.91 1.02
R-squared 0.233 0.201 0.197 0.195
Standard Error 0.056 0.035 0.068 0.053
Coefficient different from 1 0.045 <0.001 0.192 0.675
Payment Model
CMI Coefficient 0.88 0.70 0.90 1.01
R-squared 0.237 0.211 0.205 0.203
Standard Error 0.057 0.036 0.068 0.053
Coefficient different from 1 0.031 <0.001 153 0.793
Fully-Specified Model
CMI Coefficient 0.85 0.67 0.87 0.97
R-squared 0.246 0.218 0.214 0.210
Standard Error 0.058 0.038 0.069 0.058
Coefficient different from 1 0.012 <0.001 0.064 0.550

Note: Sample sizes for the test sample models are: Acute n=27,099, Chronic n=24,060, Rehabilitation n=110,956,
Total sample n=162,115. Sample sizes for the validation sample models are: Acute n=27,889, Chronic n=24,582,
Rehabilitation n=116,810, Total sample n=169,281. Sample sizes for all facility level models are: Acute n=1,367,
Chronic n=1,347, Rehabilitation n=1,385, Total sample n=1,386 facilities. The payment model includes urban/rural
status and area wage index, in addition to the CMI. The fully-specified model includes urban/rural status, area wage
index, SNF bed size indicators, hospital-based status, ownership type, and percent Medicare days, in addition to the
CMI. Standard errors and p-values reported are the Huber-White standard errors, correcting for heteroskedasticity.
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Discussion

Prior research and the findings presented here suggest that therapy provision in the
current RUG-I11-based SNF PPSis driven largely by the payment system incentives. The
incentive to provide therapy because classification is based on therapy minutes resulted in 85%
of SNF patients receiving PT or OT services. Prior work based on the PPS demonstration
showed that therapy provision increased in response to implementing the SNF PPS with no
accompanying change in outcomes, such as community discharge (Hutt, et al. 2001). Although
this may have been an intended consequence of the payment system at the time it was initially
developed, because of concerns that therapy services would be underprovided in a PPS unless a
fee schedule-like structure was used, the long-term consequences of this incentive are now open
to question. A second result of the current payment system is that, because certain payment
groups are more profitable than others due to the 20% add-on payments, the amount of therapy
provided varies very little across patients. Amount of therapy is generally based on the
minimum required to meet the criteriafor specific payment categories that are most profitable,
resulting in an extremely low coefficient of variation (0.69) for patients who received the

majority of the therapy services.

The result of such high use rates and low variation in amount of therapy provided is that
the therapy cost dependent variable is problematic for modeling a new payment system. First,
with such low variation and high use rates it is difficult to estimate a model that predicts

variation at the person level. More fundamental, however, isthe fact that the current therapy
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costs do not necessarily reflect patient therapy needs, so associations between patient

characteristics and therapy costs are weakened.

Despite these limitations, we were able to draw some important conclusions about the
relationship between patient characteristics and therapy costs. First, the “upside down U” or
bow-shaped rel ationship between function and therapy use was confirmed. Using the Barthel
Index, it was evident that patients with the greatest levels of disability and those with the greatest
levels of independence used the least amount of therapy based on cost and charges during the
hospital stay and SNF stay. This non-linear relationship, which has been demonstrated
previously (Eilertsen, et al. 1998), was used to define the rehabilitation patient classification
category (i.e., the NP rehabilitation group). That is, those patients in the mid-range, who are
most similar to patientsin rehabilitation hospitals as well, were placed in the rehabilitation
category. Inaddition, within the NP groups, individual ADLs were found to be associated with
therapy use in much the same non-linear manner. Because of this finding, for modeling purposes
the ADLswere al split into 3 levels representing independence, moderate dependence, and

severe/total dependence rather than treated as a scale.

A second mgjor finding was the importance of separating PT/OT services from ST
services in understanding the factors that explain therapy costs. Although ST costs average less
than 10% of the cost for PT/OT on average, ST costs were provided to only about 20% of the
cases and, when provided, the costs were more comparable to those of PT/OT. In addition to the
difference in distribution of ST costs relative to PT/OT, the pattern of associations between
patient characteristics and costs is entirely different for PT/OT and ST. In particular, the most

severe functionally and cognitively impaired patients used less PT/OT and more ST. Patients
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with surgical wounds and muscul oskeletal diagnoses used more PT/OT and less ST. Certain
conditions like swallowing problems were associated with substantially higher ST costs and
lower PT/OT costs. These differing associations would not be as evident in models that combine

PT, OT, and ST into a single dependent variable.

Third, the patient models estimated separately for PT/OT and ST stratified by the acute,
chronic, and rehabilitation categories were reasonably predictive and consistent with our
expectations. The PT/OT R-squared was about 19% across all patientsin the three groups, with
the lowest R-squared in the rehabilitation group where variation waslow. The ST person-level
R-sguared was also 19%. The models also did areasonable job at predicting high-cost cases,

particularly for ST, where 42% of the cases in the top 10% were predicted in the top 10%.

The reduction in R-squared at the facility level for PT/OT requires further investigation.
Because this occurred largely in the rehabilitation group, where there was such low variation at
the person level, we attribute this largely to low variation in both the predicted value for PT/OT
and the actual valuesfor PT/OT at the facility level. It appears that in the current payment
environment, variation at the facility level is driven more by factors other than patient
characteristics, which are the basis for our facility-level predictive model. When some of the
facility predictors are included in the model, the R-squared improves, but not above 17%.
However, many have argued that extant variation in therapy costs is neither systematic nor
attributable to specific facility characteristics; rather it is associated with such issues as
geographic practice patterns and individual facility variation. Several studies have shown
geographic variation in use of rehabilitation services (Schlenker, et a. 1997; Lee, et a. 1997).

Thisfinding, in fact, provides support for moving towards a payment system for therapy that is
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based on patient characteristics that are appropriately associated with need for therapy, so that
over time therapy is provided more on the basis of need rather than geographic and facility-
specific practice patterns. The facility R-squared for ST was more stable, probably reflecting the
fact that ST isarelatively scarce resource and provision is probably tied more closely to actual
patient need. The CMI coefficientsin the ST model were equal to 1.0 and therefore acceptable.
The CMI coefficientsin the PT/OT model were not significantly different from 1.0, but the point
estimate of 1.2 for the total sample is consistent with some (likely manageable) degree of

compression, but the estimate isimprecisely measured.

In conclusion, NP-therapy models present a distinct alternative to the existing SNF PPS
approach for paying for rehabilitation services, which is with afee schedule. Recognizing that
the current dependent variable of therapy costs does not necessarily reflect actual patient needs
for therapy, basing payment on case mix rather than on use should ultimately drive the system

towards use patterns based more on patient need.

Two areas are suggested for further development. First, therapy charges from the
hospital are included as an independent variable in the current models. Although inflation of
therapy charges in response to such a system would not be easy for hospitals to implement and
could be easily regulated, alternatives exist. For example, the independent variable could
ultimately be an indicator of therapy units of service in the hospital rather than charges, which
hospitals would be highly unlikely to game because of the additional costs they would incur by
increasing therapy in order to place a patient in an SNF. Even if they did in fact increase the
amount of PT/OT provided in the hospital, this may not be a bad result given the evidence that

early initiation of therapy is associated with enhanced rehabilitation outcomes.
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Second, models incorporating ST with PT/OT to create a single therapy payment
classification should be tested. One approach would be to sum the ST predicted costs and the
PT/OT predicted costs. Another would be to develop a combined model that includes an
indicator of ST use interacted with variables that are correlated in one direction with ST and a
different direction with PT/OT. Basically, having an ST indicator in the payment system would

provide an explicit incentive for the provision of ST services.
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V1. DRG-Based Approachesto Classifying Medicare SNF Patients

A. Aimsand Background

Diagnostic Related Groups (DRGSs) have been used in the Medicare acute care
hospital PPS since 1984; more recently they were adopted to form the basis of the
Medicare long-term care hospital PPS. One of the benefits of using DRGs in post-acute
care case-mix adjustment is that they are well known and have a history of use. Although
DRGs were not designed to explain SNF costs, they can be used to group patients and
construct SNF relative weightsin order to investigate the extent to which they do predict
SNF costs. DRG-based SNF relative weights can be constructed using costs, charges, or
some other measure of SNF resource use. DRGs could also be augmented with other
variables, such as those identified in the SIM model for NTA and the “New Profiles”

models for NTA and therapy.

All Medicare SNF patients have a DRG associated with them from the hospital
stay preceding their admission to the SNF, since Medicare-eligible SNF stays must be
preceded by a minimum three-day hospital stay. Thus, it would be feasible from a data-
availability perspective to use the DRG from the qualifying hospital stay in SNF case-
mix adjustment. Members from the first TAP generally agreed with the notion that data
on diagnosis and conditions from the prior hospital stay are usable in case-mix

adjustment for the Medicare SNF PPS. Several concerns have been raised, however,
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about the administrative effort needed to transmit the hospital DRG code from the

hospital to the SNF in atimely manner.

DRGs were designed to group patients with similar clinical problemsthat are
expected to require similar amounts of resources in short-term acute care hospitals.
DRGs summarize patient diagnostic information and procedures performed within the
hospital, and are further divided by the presence or absence of comorbidities or
complications indicated by specific secondary diagnoses (MedPAC 2002). Unlike
RUGs, which in part depend on the amount of therapy services a patient receivesor is
expected to receive, DRGs from the qualifying hospital stay do not depend on the level of
care actually provided in the SNF. Thisisapotentially attractive feature of DRGs, since
PPSs typically seek to induce providers to use resources more efficiently by separating
payment from resource use, given patients' clinical characteristics. A large majority of
members from the first TAP agreed that revised methods should be sought to base
rehabilitation therapy payment on patients' clinical characteristics rather than on minutes

of therapy provided, asin the existing SNF PPS.

Cotterill (1986) examined the feasibility of using DRGs for Medicare SNF patient
classification. They were found to have little explanatory power for routine costs at the
facility level but showed greater potentia in explaining ancillary costs. To thisend,
DRGs may hold more promise now than they did in 1986 because ancillary costs now
constitute a larger share of SNF costs. If drug and other non-therapy ancillary (ONTA)
costsin SNFs arein fact closely related to patient diagnoses, DRGs might be more

effective now than before in explaining SNF costs.
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In exploratory analyses using SNF cost reports and MDS data from 1999, we
constructed DRG relative cost weights for total SNF costs per day. We compared the
SNF-DRG relative weights to DRG relative weights used in the acute care hospital PPS.
The comparison for the top thirty prior hospital DRGs among Medicare SNF patientsis
shown in Figure V1.1. The positive relationship between relative SNF costs per day and
acute hospital stay relative costs provides prima facie evidence of the potential for using

DRGs for SNF case-mix adjustment.

Figure VI.1. Total SNF Cost Per Day Relative Weight vs. Acute Hospital Relative
Weight (Top 30 DRGs in SNFs 1999)
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We also examined the relationship between facility-level SNF costs (routine,
therapy, NTA, and total) and a DRG-based facility-level case-mix index (CMI) using the

1999 data. Facility-level cost regressions suggest that DRGs of the prior hospital stay
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explain ameaningful fraction of variation in SNF costs. For example, the percentage of
variation in NTA costs explained increased from 33% (without the DRG-based CMI) to
38% (with the CMI) in an “expanded” model with several other control variables. A
similar model for therapy costs showed an increase in R-sgquared from 8% without the
CMI to 19% with it. The model for total costs, however, only showed an increase in R-
squared from 57% without the CMI to 60% with the CMI. Most of these models
highlighted a serious problem of CMI compression at the facility level when using DRGs
by themselves, with CMI coefficients ranging from 1.5 to 2.6. Because limited variance-
explanation ability of a classification system is one of the possible causes of CMI
compression, these initial findings pointed to the importance of broadening the DRG-
based system to incorporate additional patient clinical information, such as comorbidities,

and cognitive and physical functioning.

In the February 2004 report to CM S, we presented the results of stay-level models
that supplemented the DRGs with functioning and cognitive variables; these variables
substantially increased the explanatory power of the cost models. The May 2004 report
also considered the use of all patient refined DRGs (APR-DRGs). It found that while
APR-DRGs did have some additional predictive ability compared to DRGs, the gain was
not large—especialy in light of the additional complexity using APR-DRGs would
entail. For thisreport, we limit our consideration of DRG-related approaches to models
using DRGs and the functioning variables we identified as the preferred model in the

prior report.
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In this chapter we more fully document the predictive power of DRGs and the
limited set of physical and cognitive functioning variables from the MDS in explaining
SNF costs at the person level. We also examine the predictability of the DRG +
functioning models at the facility-level. The facility-level models provide evidence on
the implications of basing payment on this DRG-based patient classification system for
SNFs and for patients. This analysis does not consider the use of specific medical
services provided in the SNF, or hospital services or charges from the qualifying hospital
stay services (beyond what is captured in the DRGSs), for case-mix adjustment. The
possible role of such predictorsis explored in other chapters of the report. If certain
service use variables are deemed useful and appropriate for patient classification, they

could be incorporated within a DRG-based system or vice-versa.

B. Data and Methods

The stay-level analyses use test sample for estimation and the stays from the
validation sample for validation, as described in Chapter 111, with DRGs from the
qualifying hospital stay linked to each SNF patient. The test sample contains 163,738
observations for a core set of variables after applying a common set of exclusions. For
the purpose of this chapter additional cases were excluded if (1) they did not have aDRG
from the qualifying hospital stay, or (2) they had incomplete RUG or cognitive
performance scale (CPS) information across all MDS segments within astay. The
resulting restricted test sample used for estimation contains 156,225 cases, and the

restricted validation sample contains 169,029 cases.
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In analyses of 1999 data, we used DRG grouper software to create DRGs based
on diagnoses reported by the SNFs. We found, however, that a very large percentage of
hospital-based SNFs used “rehabilitation” as the primary diagnosis, suggesting a
systematic difference in coding practices between free-standing and hospital-based SNFs.
As aresult, the rehabilitation DRG effectively became a hospital-based facility indicator,
making the use of DRGs based on SNF diagnoses problematic at the time. Nonetheless,
itisstill important to note the potential for using diagnostic information provided by the

SNF to assign SNF patients to DRGs.

We focus here on the following components of per-day SNF costs. ancillary
costs, NTA costs, therapy costs, and total costs. Ancillary costs are measured as the sum
of therapy and NTA costs, and total costs are calculated as the sum of ancillary and
routine costs. Note that the routine cost component is measured as a constant for all
patients within a given facility. This has the effect of muting the overall person-level
variation in total costs per day. We also examine ancillary charges, therapy charges, and

NTA charges—all per day.

DRG of Qualifying Hospital Stay of SNF Patients

As of March 2002, there were 506 DRGs used for Medicare payment derived
from 25 major diagnostic categories. In the estimation and validation samples combined,
there are 331 DRGs from the qualifying hospital stay represented among SNF patients.
Low-volume DRGs, defined here as DRGs with fewer than 200 SNF patients in the

pooled sample, are collapsed into 10 groups based on the case-weighted deciles of
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average total cost per day for each low-volume DRG. Only 4% of the SNF casesarein
low-volume DRGs in both samples. Asaresult, there are 181 DRG-based groups used in
the analyses below, consisting of 171 high-volume DRGs and 10 DRG-based SNF cost

groups.

Creating a Functioning Model for Use with DRGs

We sought a parsimonious set of functioning variables to use in conjunction with
DRGs to create SNF patient case-mix groups. Candidate functioning variables included
individual activities of daily living (ADLS) reported on the MDS, the Barthel index
(described earlier in the report), the sum of ADLSs, and the cognitive performance scale
(CPS). In examining individual ADLs and creating the ADL sum, we treated values of
“eight” (activity did not occur) as “four” (fully dependent in activity), just asin the
previous chapter on NP approaches. Starting with these indices, we found that the CPS
had more predictive power by itself than the Barthel index or the sum of ADLS, so we
started with the CPS. We ran regressions of the seven levels of CPS scores (0-6) on the
components of costs per day and found that average costs were similar within the
following three groups. CPS=0, CPS=1 or 2, and CPS>=3. Notably, the condition

CPS>=3 is used in constructing the current RUGs.

We found that individual ADL variables had more predictive power than the
indices based on ADLs. This stems from the fact that, for some individual ADLs but not
others, a higher level of functional dependence is associated with lower rather than higher

SNF costs per day. We ran cost per day regressions using each ADL (expressed as level
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1-4) individually as explanatory variables and also ran models with all ADL variables
included. From these models, which included the CPS categories we had aready
identified, three ADL variables stood out as particularly important in explaining costs.
They were locomotion outside of unit, locomotion within unit, and eating. Locomotionis
widely used in surveys designed to measure health status of the elderly. The eating ADL
factorsinto the assignment of RUGs (although in a different form than we use here) and
the Katz ADL index. Thus, these measures have been identified as being clinically

meaningful in describing patient functioning in avariety of contexts.

When we examined the ways these variables were related to costs, we found that
(1) the top category of the eating ADL (eating dependence) stood out as being more
costly than the other categories, and (2) expected therapy and total costs increased
monotonically with the locomotion off unit ADL, with categoriesADL =0, ADL =1, 2,
or 3, and ADL = 4 or 8 capturing most of the variance. Locomotion off unit and
locomotion within the unit operated similarly, with the former having a stronger
relationship to costs. For this reason and because the two locomotion measures were
highly correlated, we used only locomotion off unit in our analysis. To summarize, we
use arelatively simple framework to describe patient functioning with three CPS
categories, three locomotion ADL categories, and two eating ADL categories. Theam
of thisframework isto add a functional component to a SNF patient classification system

based on DRGs.
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Stay-Level Regression Models

Regression models were estimated for each cost or charge component, with the
dependent variables measured in dollarsin our base models. For every cost component,
we estimated models using DRGs and the functioning measures as explanatory variables.
For each estimated model, as with prior analyses in this report, we present three within-
sample measures of predictive ability: R-squared, sensitivity, and the standard deviation
of therelative weights. The interpretation and limitations of these measures are discussed
in detail in Chapter 111. Each of these statistics is also reported for the validation sample,
with the coefficients from the test sample used to generate out-of-sample predictions in

the validation sample.

SNF costs per day are typically positively skewed. Taking thelog of the
dependent variables (after adding $1 to deal with individuals whose costs are $0 for a
particular component) reduces the skew. In earlier anayses we compare our dollar-level
models with log-dollar models, in order to determine whether the predictive performance
of the different classifications is sensitive to the choice of alevel or log specification.
Since the findings suggested that logging the dependent variablesis not critical—and
may in fact reduce the ability of the modelsto correctly identify high-cost cases—we
present only dollar level models here. Standard errors for stay-level models were
estimated to adjust for facility-level clustering (i.e., potential correlationsin the models

residuals across patients from the same facility).
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It is useful to note how this analysis relates to the discussion of MDS segments
versus staysin Chapter 111. The analysis here is conducted at the stay level. The
dependent variables reflect the covered day-weighted average of patient costs per day
over the stay. The DRG measures are constant over the course of the stay, being
determined by information from the qualifying hospital stay. The CPS scorewe useis
the score obtained from elements of the five day MDS. In principal, the CPS score could
change over the course of the stay, in which case using the measure from only the first
MDS would not make full use of the data. In practice, however, the CPS score was found
to be constant over a stay for the vast majority of patients. This constancy is not
surprising, particularly for Medicare stays, which average only twenty-three days. ADL
scores, in contrast, vary substantially over multi-segment stays. The analyses reported in
this chapter incorporate this variation. Specifically, the ADL variables are defined as the
percent of MDS segment covered days during the stay with the given ADL. Under a
payment system based on these categories, payments could change if functioning changes

during the SNF stay (asis now the case with the RUGSs), but the DRG would be fixed.

Facility-Level Regression Models

After generating predicted costs or charges—based on the DRG + functioning
classification system, at the stay-level within the validation sasmple—we compute CMIs
for each facility represented in the validation sample. Recall that the validation sample
contains all stayswithin agiven facility. Asdescribed in Chapter 11, the log of the CMI

isthen used as an explanatory variable in aregression of the log of facility-level costs,
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with separate regressions run for each cost component with its associated CMI. Thelog-
log specification is used so that the coefficient on the CMI variable is an elasticity, which
measures whether or not payments are proportional to costs at the facility level. This
formulation provides atest for CMI compression. We report the facility-level R-squared,
coefficient on the (log of the) CMI, the standard error of the CMI coefficient, and the p-

value for the two-sided test of the null hypothesisthat the CMI coefficient is equal to 1.

We estimate the three specifications described in Chapter 111: a CMI only model,
a payment model, and the fully-specified model. We test for CMI compression and
discussitsimplications for each specification. These implications are described in

Chapter 111.

C. Findings

Summary of Cost and Charge Measures

Wage-adjusted cost and charge measures are summarized in Table VI.1. The
average total cost per day for the test sample is $339, with a standard deviation (SD) of
$180. Ancillary costs average $135 per day, with a coefficient of variation (CV) of 0.71,
even before making any adjustments for case-mix. A rule of thumb for patient
classification systems is that the case-mix groups should have aCV below 1.0. Ancillary
costs pass this criterion for the grand average, even before grouping patients. This
suggests that, relative to other PPS settings, there is less absolute variation to start with in

patient ancillary cost per day (which the patient classification system needs to reduce).
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Table VI.1: Summary of Wage-Adjusted SNF Cost and Charge Measures

Mean SD Cv
Costs per day
Ancillary $135 $96 0.71
NTA $63 $82 1.30
Therapy $73 $55 0.75
Total $339 $180 0.53
Charges per day
Ancillary $271 $304 1.12
NTA $144 $273 1.90
Therapy $127 $105 0.83

Note: Test sample. N=156,225. SD = standard deviation. CV = standard deviation of cost (charge) divided
by the average cost (charge). Means for the validation sample (not reported) are nearly identical.

Table VI.1 dsoillustrates that charges vary more than costs. On the one hand,
differences in the ways facilities report charges may induce artificial variation relative to
costs or actua resource use. On the other hand, costs assume constant cost-to-charge
ratios (CCRs) for each cost component, which may artificially reduce variation in our
cost measures relative to actual resource use. Because of limitations in both cost and
charge data, neither measure can be argued to be superior to the other on conceptual
grounds.?® For this reason, we investigate the difference in variation between cost and
chargerelative weights. We also examine the correlation between the alternative sets of
weights to evaluate whether relative payments would be similar for similar patients under

the two sets.

% Rogowski and Byrne (1990) make this point on the merits of cost versus charge relative weightsin the
context of the acute hospital PPS.
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Description of DRGsin SNFs

Table V1.2 lists the thirty most common DRGs, their descriptors, their means and
standard deviations, and their coefficients of variation for total SNF costs per day. The
most common DRG, 209 — Magjor Joint and Limb Reattachment Procedures—covers
nearly 8% of SNF patients and costs $397 on average. Of the thirty most common
DRGs, the least costly is DRG, 429 — Organic Disturbances and Mental Retardation—
which costs $239 on average. Table V1.3 lists the most costly DRGs in SNFs with at
least 100 casesin the test sample. The most costly DRG, 471—Bilateral or Multiple
Joint Procedure—costs $452 per day and does not appear on the list of most common
DRGs. The most common DRG, 209, happens to be the 12" most expensive (at $397).
The only other DRG on both listsis 478 — Other Vascular Procedures w/CC—25" on the

most common list and twenty-second on the most costly, at an average cost of $379 per

day.
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Table VI.2: 30 Most Common DRGs in SNFs

DRG Description N Mean SD
209 MAJOR JOINT & LIMB REATTACHMENT PROC 12,371 $397 $197

14  SPECIFIC CEREBROVASCULAR DISORDERS E 8,261 325 168

89 SIMPLE PNEUMONIA & PLEURISY AGE >17 8,188 308 182
127 HEART FAILURE & SHOCK 7,814 321 178
210 HIP & FEMUR PROCEDURES EXCEPT MAJOR 7,385 322 172
296 NUTRITIONAL & MISC METABOLIC DISORDE 4,826 288 159
320 KIDNEY & URINARY TRACT INFECTIONS AG 4,231 275 149

79 RESPIRATORY INFECTIONS & INFLAMMATIO 4,088 316 197
416  SEPTICEMIA AGE >17 3,555 310 187

88 CHRONIC OBSTRUCTIVE PULMONARY DISEAS 3,471 342 196
462 REHABILITATION 2,913 298 132
121 CIRCULATORY DISORDERS W AMI & MAJOR 2,875 313 171
174  G.I. HEMORRHAGE W CC 2,804 290 161
148 MAJOR SMALL & LARGE BOWEL PROCEDURES 2,492 362 198
243 MEDICAL BACK PROBLEMS 2,241 325 161

12 DEGENERATIVE NERVOUS SYSTEM DISORDER 2,100 263 134
236 FRACTURES OF HIP & PELVIS 2,019 321 163
182 ESOPHAGITIS, GASTROENT & MISC DIGEST 1,954 306 170
316 RENAL FAILURE 1,855 310 182
475 RESPIRATORY SYSTEM DIAGNOSIS WITH VE 1,695 365 201
429  ORGANIC DISTURBANCES & MENTAL RETARD 1,689 239 110
211 HIP & FEMUR PROCEDURES EXCEPT MAJOR 1,646 334 180
239 PATHOLOGICAL FRACTURES & MUSCULOSKEL 1,627 335 170
277 CELLULITIS AGE >17 W CC 1,598 344 197
478 OTHER VASCULAR PROCEDURES W CC 1,549 379 200
138 CARDIAC ARRHYTHMIA & CONDUCTION DISO 1,464 318 171
113 AMPUTATION FOR CIRC SYSTEM DISORDERS 1,424 318 184

15 TRANSIENT ISCHEMIC ATTACK & PRECEREB 1,419 308 157
468 EXTENSIVE O.R. PROCEDURE UNRELATED T 1,356 341 186
130 PERIPHERAL VASCULAR DISORDERS W CC 1,273 308 172
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Table VI.3: 30 Most Costly DRGs in SNFs (With at Least 100 Cases in the Test Sample)

DRG Description N Mean SD
471 BILATERAL OR MULTIPLE MAJOR JOINT PR 339 $452 $181
126 ACUTE & SUBACUTE ENDOCARDITIS 144 429 213
105 CARDIAC VALVE & OTHER MAJOR CARDIOTH 370 423 193
104 CARDIAC VALVE & OTHER MAJOR CARDIOTH 385 420 206
498 SPINAL FUSION EXCEPT CERVICAL W/O CC 177 419 187
109 CORONARY BYPASS W/O CARDIAC CATH 500 417 201
497  SPINAL FUSION EXCEPT CERVICAL W CC 421 410 201
483 TRACHEOSTOMY EXCEPT FOR FACE,MOUTH & 760 409 210
191 PANCREAS, LIVER & SHUNT PROCEDURES W 109 404 196
499 BACK & NECK PROCEDURES EXCEPT SPINAL 385 403 199
107 CORONARY BYPASS W CARDIAC CATH 919 400 195
209 MAJOR JOINT & LIMB REATTACHMENT PROC 12,371 397 197
479 OTHER VASCULAR PROCEDURES W/O CC 128 396 201
500 BACK & NECK PROCEDURES EXCEPT SPINAL 223 395 187

20 NERVOUS SYSTEM INFECTION EXCEPT VIRA 120 394 204

75 MAJOR CHEST PROCEDURES 325 394 203
452 COMPLICATIONS OF TREATMENT W CC 188 391 211
216 BIOPSIES OF MUSCULOSKELETAL SYSTEM & 201 390 188
231 LOCAL EXCISION & REMOVAL OF INT FIX 225 386 193
304 KIDNEY,URETER & MAJOR BLADDER PROC F 117 384 227
154 STOMACH, ESOPHAGEAL & DUODENAL PROCE 508 380 209
478 OTHER VASCULAR PROCEDURES W CC 1,549 379 200
292 OTHER ENDOCRINE, NUTRIT & METAB O.R. 114 378 184
110 MAJOR CARDIOVASCULAR PROCEDURES W 559 376 197
418 ggSTOPERATIVE & POST-TRAUMATIC INFEC 319 372 186
217 WND DEBRID & SKN GRFT EXCEPT HAND,FO 557 372 194

76 OTHER RESP SYSTEM O.R. PROCEDURES W 683 372 209
115 PRM CARD PACEM IMPL W AMI,HRT FAIL O 183 370 184
238 OSTEOMYELITIS 259 370 179
170 OTHER DIGESTIVE SYSTEM O.R. PROCEDUR 181 368 213
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Description of Functional Variables and Relationship with SNF Costs

About 27% of SNF patients had a CPS score of 1 or 2 (see Table V1.4). Slightly
over one-third (35%) of patients were in the most impaired group, with a CPS of 3 or
higher. The remainders were in the reference group (CPS = 0), meaning no cognitive
impairment. Slightly over half (54%) of patients (on average over patients and MDS
segments) were dependent in locomoation off unit or did not perform the activity. About

13% of patients were in the most dependent group for eating.

Table V1.5 presents the effects of the functioning variables on costs per day in
regressions that also control for DRGs. Being more cognitively impaired is associated
with lower SNF costs per day for each component of cost. Being more dependent in
locomotion off unit is associated with higher ancillary, NTA (for the top category), and
total costs per day, but the effects on therapy costs per day are not monotonic. Being
dependent in eating is associated with lower therapy costs but higher NTA costs,
presumably because people who are unable to eat without a great deal of assistance are
unable to engage in therapy but do require additional resources of other types of services
(such asintravenous nutrition). Total SNF costs are about $30 lower for the eating

dependent group.

150



Table VI.4: Description of Functional Variables

Mean
CPS=0 (Reference group)
CPS=1lor2 0.267
CPS>3 0.350
Locomotion off unit ADL =0 (Reference group)
Locomotion off unit ADL =1, 2, or 3 0.381
Locomotion off unit ADL =4 or 8 0.537
Eating ADL=0,1, 2,0r 3 (Reference group)
Eating ADL =4 or 8 0.134

Note: N =156,225. CPS refers to the Cognitive Performance Scale measured on the 5 day MDS, which is
increasing in impairment. Higher numbers for ADLs imply more dependence. ADLs are measured as day-
weighted averages over the MDS segments within a stay.

Table VI.5: Cost Per Day Regression Results for Functional Variables

Ancillary NTA Therapy Total
CPS=1lor2 -$14.6 -$12.6 -$1.98 -$58.0
(0.795) (0.641) (0.448) (2.11)
CPS>3 -31.4 -18.9 -12.5 -97.7
(0.886) (0.712) (0.523) (2.32)
Locomotion off unit ADL (1, 2, or 3) 18.5 0.371 18.1 52.6
(1.19) (0.900) (0.749) (2.98)
Locomotion off unit ADL (4 or 8) 354 20.7 14.6 125
(1.36) (1.05) (0.805) (3.65)
Eating ADL = (4 or 8) -1.26 21.0 -22.2 -30.0
(1.19) (1.02) (0.574) (2.42)
R-squared 0.055 0.076 0.134 0.128

Note: N =156,225. OLS coefficients reported. Standard errors of regression coefficients are reported in
parentheses. Standard errors are adjusted for clustering by facility.
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Predictive Ability of DRGs and Functioning Variables for SNF Costs at the Stay-L evel

The key results of thisanalysis are presented in Table V1.6, which reports
predictive measures for models of each cost component using DRGs + functioning as the
explanatory variables. We focus on the results for the validation sample (because we are
most interested in out-of-sample performance), noting that results are quite similar for the
test sample. While the large number of DRGs may introduce the potential for model
overfitting, comparing the estimation and validation sample results suggests overfitting is
not aproblem in our case. Itisnormal to find some depletion in R-squared in the

validation sample relative to the test sample, but the depletion we observe is minor.
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Table VI.6: Models of Person-Level SNF Costs by Component Using DRGs + Functioning as Explanatory
Variables

Ancillary NTA Therapy Total
Test sample
R-squared 0.055 0.076 0.134 0.128
Sensitivity 0.199 0.261 0.242 0.248
SD of relative weights 0.167 0.359 0.278 0.190
Validation sample
R-squared 0.048 0.071 0.125 0.109
Sensitivity 0.197 0.258 0.244 0.231
SD of relative weights 0.167 0.360 0.279 0.189

Note: N = 156,225 in the estimation sample and N = 169,029 in the validation sample. Model degrees of freedom = 186 in all models.
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DRGs + functioning variables explain 4.8% of ancillary costs, with a sensitivity
of 20%. The standard deviation of the relative weights that would result from this patient
classification system is about 17%. When we break overall ancillary costsinto itstwo
major components, NTA and therapy costs, we find more underlying variation in the
relative weights, and higher predictability measures. The R-squared is 7.1% for NTA and
12.5% for therapy. The fact that the dispersion of the relative weightsislower in the
total ancillary model merely reflects the fact that on average, higher predicted NTA costs
are associated with lower predicted therapy costs. It isimportant to keep in mind that
SNF ancillary payments would be exactly the same if payments were based on separate
NTA and therapy models with the payments summed, as they would be if payments were

based on the single ancillary model.

Using DRGs +functioning to predict total SNF costs, including the
nursing/routine component, we find that the R-squared is about 11% in the validation
sample, and sensitivity is 23%. Thisis substantially more than would be achieved if the
forty-four RUG groups were used to predict total costs (see the DRG comparisonsin
Chapter VII for details) and suggests that the DRG model has substantial ability to
predict routine costs. Thisisremarkable considering that the DRGs were not originally
designed to predict SNF resource use, whereas the RUGs were. The functioning
variables contribute substantially to this finding, but with an intentionally limited set of

variables that includes only three MDS measures.
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Predictive Ability of DRGs and Functioning Variables for SNF Charges at the Stay-L evel

Analogous results for SNF charges are presented in Table VI.7. The R-squared in
the charge models are higher than in the cost models for the ancillary costs (7.0% vs.
4.8%) and the therapy models (14.2% vs. 12.5%), but about the same for the NTA
models. Since R-sguared values are not directly comparable across models with different
dependent variables, R-squared is an unreliable metric for comparing the charge and cost
models. The other measures of predictive ability may be preferablein thisregard. The
charge-based models are generally better able to distinguish the top decile cases. The

gain isespecially pronounced for ancillary charges relative to ancillary costs.

The standard deviations of the relative weights have absolute interpretations,
since they measure the variation in payments SNFs would receive for different types of
patients under the different methods for computing the relative weights for agiven
classification system. We find that the relative weights are more variable for the charge
models than the cost models for ancillary (29% vs. 17%), NTA (50% vs. 36%), and to a

more limited degree, therapy (31% vs. 28%).

The large differencesin the variation of the relative weights in these findings
suggest very important payment implications surrounding the decision of whether to base
relative weights on costs versus charges. We describe the implications in more detail
below, by examining whether the charge-based relative weights rank patients' relative

costs differently than cost-based relative weights.
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Table VI.7: Models of Person-Level SNF Charges by Component Using DRGs + Functioning as
Explanatory Variables

Ancillary NTA Therapy

Test sample

R-squared 0.069 0.071 0.138

Sensitivity 0.253 0.273 0.252

SD of relative weights 0.294 0.504 0.309
Validation sample

R-squared 0.070 0.072 0.142

Sensitivity 0.246 0.269 0.264

SD of relative weights 0.293 0.504 0.310

Note: N = 156,225 in the estimation sample and N = 169,029 in the validation sample. Model degrees of freedom = 186 in all model
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Correlations between Cost- and Charge-Based Relative Weights

While the relative weights based on charges are more spread out than those based
on costs, the groups defined by the DRGs and functioning variables are ranked similarly,
as evidenced by the correlationsin Table VV1.8. The correlation between the cost- and

charge-based relative weights is 0.95 for ancillary, 0.98 for therapy, and 0.95 for NTA.

Table VI.8: Correlations Between Cost and Charge Relative Weights

Ancillary Ancillary Therapy Therapy NTA NTA
costs charges costs charges costs charges
Ancillary 1
costs
Ancillary 0.95 1
charges
Therapy 0.51 0.32 1
costs
Therapy 0.62 0.47 0.98 1
charges
NTA 0.59 0.71 -0.39 -0.26 1
costs
NTA 0.72 0.86 -0.19 -0.04 0.95 1
charges

Note: N =156,225. Relative weights are computed from models using DRGs and functional measures as
explanatory variables.

The correlations between the therapy and NTA cost and charge weights show an
interesting pattern. The cost weights are negatively correlated, illustrating that patients
predicted to cost more than average for therapy are predicted to cost less than average for

NTA services. Similarly, the charge weights for therapy and NTA are negatively
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correlated, but the correlation coefficient is very small, closeto 0. If expected therapy
and NTA resource use are truly negatively correlated, the low absolute correlation for
charges may be reflective of facility charging practices common to therapy and NTA
services. Alternatively, if thereisno clinical reason for expected therapy and NTA
resource use to be negatively correlated, it is worth further consideration as to whether
the way CCRs are computed could induce an artificial negative correlation between the

therapy and NTA cost relative weights.

Given that the cost- and charge-based relative weights rank patients similarly, but
the charge-based weights imply more dispersion in payments, the critical question
becomes. Which set of weights more closely tracks actual relative resource use within

SNFs? The facility-level analyses provide some insight on this question.

Facility-Level SNF Cost Models Using Cost-Based CMI s

Results for the facility-level cost regressions using the cost-based CMls are
presented in Table VI1.9. Thefacility-level R-squared for (wage unadjusted) ancillary
costsis 7.5%. Including wage index and urban variables increases R-squared only to
8.3%. We find evidence of CMI compression in the payment regression, suggesting that
if facilities were paid according to the DRGs + functioning classification system, high
CMI facilities would be paid at less than cost for their more-costly case-mix, and low

CMI facilities would be paid at more than cost for their less-costly case-mix.
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Table VI.9: Models of Facility-Level Costs Using Cost-Based DRGs + Functioning CMIs?®

Explanatory Variables Ancillary NTA Therapy Total
CMI only model
R-squared 0.075 0.136 0.077 0.248
CMI coefficient 1.51 1.46 1.23 2.00
SE on CMI coefficient 0.161 0.117 0.129 0.116
p-value <0.005 <0.005 0.083 <0.005

Payment model®

R-squared 0.083 0.144 0.092 0.289
CMI coefficient 1.49 1.45 1.29 1.96

SE on CMI coefficient 0.161 0.118 0.130 0.115
p-value <0.005 <0.005 0.027 <0.005

Fully-specified model®

R-squared 0.180 0.289 0.129 0.577
CMI coefficient 0.461 0.925 1.22 0.467
SE on CMI coefficient 0.190 0.115 0.137 0.096
p-value <0.005 0.515 0.109 <0.005

a. Costs, CMIs, and the area wage index are entered in log form (see methods section in Chapter Ill).

b. The payment model includes urban/rural status and the area wage index, in addition to the CMI.

c. The fully-specified model includes urban/rural status, area wage index, indicators for number of SNF beds (0-9 beds, 10-19 beds, 20-49 beds, 50-99 beds,
with 100+ beds as the excluded category), hospital based dummy, ownership type (voluntary/nonprofit dummy, for profit other dummy, and government
dummy, with for profit chain as the excluded category) and percent Medicare days, in addition to the CMI.
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When additional control variables are added to the model, the R-squared for
ancillary costs increases to 18%, suggesting the strong influence of facility characteristics
net of case-mix. Furthermore, the CMI coefficient becomes significantly lessthan 1.0 in
the fully-specified model, indicating CMI decompression. This suggests that within a
facility of agiven type, facilities would have incentives to select more costly patients for
whom SNFs are relatively overpaid and select against low cost patients for whom they
are relatively underpaid. The fact that we see evidence of compression without controls,
but decompression with controls, highlights the very strong role of facility characteristics
relating to both facility costs and facility CMIs. One possible explanation is that the
DRG + functioning classification system is relatively weak, and the predictive ability it

does have might be picking up facility cost characteristics to a substantial degree.

For facility-level NTA costs, we find evidence of compression in the payment
models but not in the fully-specified model, where the CMI coefficient is0.93. This
suggests there could be some payment inequities across facilities, but only a modest
incentive to select against certain types of patients within facilities. We note, however,
that the standard errors on the CMI coefficients are large (almost 12% for NTA),

implying that our estimates of compression are imprecise.

The therapy models indicate CMI compression in both the payment and fully-
specified models. It isworth noting that the R-squared isrelatively low in the facility-
level models for therapy, even when controls for facility-type are added. This suggests

that the extent to which facilities incur therapy costsis highly idiosyncratic across
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facilities, implying that the amount of therapy a SNF patient receives may be largely

luck.

DRGs + functioning explain arelatively large share of variation in total costs
(25%) in the CMI only model. Thisis substantially higher than we find for the RUG-I11
groups (see the comparisons for DRGs in Chapter VII). But thereisalarge degree of
CMI-compression in the total cost models, with a CMI coefficient of nearly 2.0. Inthe
fully-specified model, R-squared is nearly 58% for total costs, but the CMI coefficient is
only 0.47, evidence of decompression. This suggests that basing payments on the relative
weights we constructed for the DRG + functioning classification system would create
incentives for providers to select patientsin favor of those expected to be the most costly.
We revisit these issues in Chapter VII, where we compare the results of the DRG-based

system for total costs with those of the current SNF PPS.

Facility-Level SNF Cost Models Using Charge-Based CMIs

Results for the facility-level cost regressions using the charge-based CMIs are
presented in Table VI1.10. Recall that even though the CMIs are charge-based, we use
facility-level cost as the dependent variable. Thisis because costs are the preferred
measure of resource use at the facility level (see Chapter 111), whereas at the stay-levdl, it
is debatable whether estimated costs or reported charges are better measures of resource

use.
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Table VI.10: Models of Facility-Level Costs Using Charge-Based DRGs + Functioning CMIs?®

Ancillary NTA Therapy

CMI only model

R-squared 0.057 0.121 0.069

CMI coefficient 0.677 0.828 0.989

SE on CMI coefficient 0.086 0.077 0.108

p-value <0.005 0.026 0.919
Payment model®

R-squared 0.065 0.130 0.082

CMI coefficient 0.661 0.823 1.03

SE on CMI coefficient 0.086 0.077 0.108

p-value <0.005 0.022 0.804
Fully-specified model®

R-squared 0.176 0.269 0.120

CMI coefficient 0.106 0.441 1.01

SE on CMI coefficient 0.095 0.075 0.120

p-value <0.005 <0.005 0.962

a. Costs, CMIs, and the area wage index are entered in log form (see methods section in Chapter llI).

b. The payment model includes urban/rural status and the area wage index, in addition to the CMI.

c. The fully-specified model includes urban/rural status, area wage index, indicators for number of SNF beds (0-9 beds,
10-19 beds, 20-49 beds, 50-99 beds, with 100+ beds as the excluded category), hospital based dummy, ownership type
(voluntary/nonprofit dummy, for profit other dummy, and government dummy, with for profit chain as the excluded
category) and percent Medicare days, in addition to the CMI.
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The facility-level R-squared values are slightly lower when we use the charge-based rather
than the cost-based CMIs. Given that the cost and charge-based relative weights have
correlations near 1.0, we should not expect large differencesin R-squared. It comes down to a
guestion of scale, which the CM1 coefficients help sort out. Acrossall cost components and
models, the charge-based CMIs imply lower CMI coefficients. Using the charge-based CMI s,
we find evidence of decompression in both the payment models and the fully-specified models
for ancillary costs and NTA costs—with charge-based CM s exacerbating both the extreme
decompression in the fully-specified ancillary model and the mild decompression in the fully-

specified NTA model.

For the therapy models, in contrast, which exhibited compression using the cost-based
CMIs, we find proportionality using the charge-based CMIs in both the payment and fully-
specified models. Recall that, in the stay-level analyses, the choice of using cost versus charges
to construct relative weight made the smallest difference for the therapy models. The relative
weights from the charge-based stay-level models were somewhat more dispersed, however,
suggesting that the additional dispersion was just enough to correct the compression problem we

see using the cost-based CMIs.

D. Discussion

The DRG approaches to patient classification presented here would be a marked shift from the
current system based on RUG-I11. One benefit of the DRG approachesis that they are based
solely on patient characteristics—unlike the current RUGs, which depend in part on the amount

of therapy received or merely anticipated. Functional dependency is considered the most
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important driver of SNF nursing and therapy resource use, and there have been concerns and
statistical evidence that DRGs by themselves do not sufficiently distinguish patients with
different levels of functional dependency. For this reason, we have shown in this chapter how
DRGs can be enhanced with functional indicators to better explain variation in resource use as

measured by costs or charges.

Admittedly, the approach presented here considers only patient classification. But the
DRG-based approach can also be considered in combination with other aspects of payment

policy, such as geographical or facility adjustments or outlier payments.

Statistical Significance

The amount of variation explained in this approach—combining DRGs and five
functional variables—differs depending on whether costs or charges are used as dependent
variables. In the validation sample, the approach explains 4.8% of ancillary costs, 7.1% of NTA
cost, 12.5% of therapy costs, and 10.9% of total SNF costs. The approach explains 7.0% of
ancillary charges, 7.2% of NTA charges, and 14.2% of therapy charges. Because differencesin
R-sguared across models with different dependent variables are not directly comparable, we
examined differences in relative weights, which let us directly compare the dispersion of relative
payments. Relative weights based on charges vary substantially more than relative weights
based on costs in models that use the same explanatory variables. Because both costs and
charges can differ from true resource use, it is not obvious which relative weights are closer to
the unobserved “true” relative weights. The facility-level regressions are informative in this

regard, and suggest that using charge-based rel ative weights exacerbates problems of

164



decompression in the fully-specified models for ancillary and NTA costs. The general tendency
of the charge-based relative weights to be more dispersed is actually beneficial in counteracting
the CMI compression observed in the models using cost-based CMIs for therapy costs,

producing proportionality between facility-level therapy costs and the charge-based CMI for

therapy.

Clinical Meaningfulness

The classification methods based on DRGs described here should be clinically
meaningful, since the DRGs are already used in other settings (including one post-acute care
setting—long-term care hospitals). Of course, this does not imply that they are necessarily
sufficient to describe the clinical needs of SNF patients, which motivated our examination of
measures of functional dependence. The CPS and ADLs are already accepted as valid measures
of patient functioning and are currently used in various forms within the RUGs. The variant
considered here makes an additional cut, based on the CPS score beyond what is used in the
RUGs. The eating ADL isused in both the Katz ADL index and the RUGs. More broadly, ADL
dependencies were designed to measure the extent of disability; these require types of assistance

other than medical care and are generally regarded as clinically meaningful.

Administrative Burden

DRG-based approaches would involve the burden of shifting to a different systemin
SNFs, but this burden is mitigated by the fact that the DRGs are already well-known and used in

other systems. The functional datarequired for the systems described here are already collected
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on the MDS, and the DRG information is available from the qualifying hospital stay. One
guestion is whether the DRG information can be transmitted to the SNF in atimely manner for
payment purposes. Even if there is some time lag, this would not invalidate the approach, since a
provisional DRG code could be used initially, with payments reconciled at alater date once the
DRGs become available. Alternatively, although we did not study this possibility for the current
report, if diagnostic information was reported and coded more completely and consistently
across SNFs, DRG grouper software could be applied to diagnoses recorded by the SNF to

obtain DRGs for payment purposes.

Financial Incentives

DRGs are clinically based, in that they were designed to capture differing resource needs
of acute-care hospital patients. They have the further advantage that, because they are
determined before the SNF stay (i.e., are truly prospective), SNFs are not able to manipulate
them. This eliminates possibilities for gaming, at least for the component of payment that istied
to the DRG. Payments can still adjust as SNF patients needs change, however, through the

functional component we have introduced into this DRG-based classification system.

Going back a step in the overall Medicare episode, we see that hospital-based SNFs may
have some ability and incentive to game the DRGs, since they would be able to optimize
payment across the entire M edicare episode from the acute care stay to the SNF. We think it
unlikely that hospitals would game the DRG of the acute care hospital stay to increase

subsequent payment for SNFs, however, particularly since the increase in SNF payment would
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be relatively small in most cases. Nonetheless, it isapossibility that should be considered in

evaluating the different payment and classification system options.

Conclusion

The DRG-based approach, with the addition of a functional dependency component,
offers aworkable aternative to the current system, based entirely on patient characteristics that
have been found useful in short-term acute hospitals, SNFs, and other settings. In terms of
variance explanation, however, DRG approaches will generally be dominated by approaches that
include service use measures as predictors. In that case, the relevant question becomes the extent
to which any gain in variance explanation comes at the cost of weakening the PPS incentive to
provide services efficiently, or the risk of producing incentives to over-utilize services that come

with an explicit payment enhancement.

Because we have been intentionally parsimonious in our use of clinical measures—by
using a sparse set of functional measures and DRGs without modification (other than collapsing
some low-volume groups)—other classification systems explain more variance than the approach
used here. A more detailed set of functional variables would likely increase the R-squared

beyond what is reported here and could be combined with DRGs.

Using additional variables would likely strengthen the relationship between CMIs and
facility-level costs, and also make the relationship more proportional. Thisisimportant to note,
since the main problem with using the DRG + functioning classification system without further
enhancement is the compression and decompression patterns we found in the facility-level

analyses. One explicit motivation for not including some of the “kicker” variables used in the
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RUG-refinement and NP approaches in our DRG-based approachesisto illustrate how far we

can go using only off-the-shelf DRGs and a parsimonious set of functioning variables.

Using an outlier payment in conjunction with the DRG-approach would offer the
possibility of addressing some of the limitations of the DRG-approach. This would compensate
for any potential shortfall in variance explanation (relative to what would be considered ideal) of

DRG-based approaches or other approaches based purely on patient clinical characteristics.

Because the DRG-based option would change the way SNFs are paid, there might be
some resistance from SNFs, especially SNFs that provide large amounts of therapy, as payment
would no longer be keyed to the quantity of therapy services provided. By explaining NTA costs
better than the current RUG-111, however, facilities that provide high levels of NTA services
could benefit from being reimbursed more proportionately to the services provided. Basing SNF
payments to a degree on DRGs would be a step in the direction of consistency in how post-acute
careisfinanced under Medicare, since DRGs are aso used in the long-term care hospital PPS.
Bringing more consistency to how Medicare pays for post-acute care could be viewed as

beneficial.
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VII. Comparison of Models

A. Introduction

In considering policy relevance, it is useful to highlight the research discussed in
preceding chapters in terms of the five basic options that could potentially be used to modify the
case-mix classification system for Medicare SNF patients. As noted, these options could serve
as building blocks to address different components of Medicare SNF payments, either alone or

concomitantly.

The first three options attempt to classify patients according to NTA costs, and could
effectively expand or supplement the current RUG-111 system. The fourth option addresses
rehabilitation therapy and could replace the existing component of the RUG-111 system by
adopting a “ need-based” rehabilitation therapy classification model. The fifth option isa DRG-
related model originally created to classify acute-care hospital patients. Because the SNF benefit
requires aprior stay in such ahospital, we examined DRG-related models as a classification

system for total SNF costs, as well as for components such as rehabilitation therapy and NTAS.

In this chapter, we highlight the features of the five classification options. Variants of
these models can readily be defined within the framework of each option. We then explore the
pros and cons of each, and compare them with the current RUG-I11 system. In discussing the
pros and cons, we examine conventional criteria, such as clinical meaningfulness, statistical

significance, provider burden, ease of implementation and administration, and appropriate
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clinical and financia incentives. We incorporate input from our TAP members on the pros and

cons of the options.

To focus our discussion, we will first examine the three models developed to address
NTA services. We will then discuss the “need-based” rehabilitation model relative to the “fee
schedule-like” RUG-I11 rehabilitation therapy component. Finally, we will address the DRG-
related model for total cost, and compare findings with corresponding results for total costs and

total payments under the current RUG-I111 system.

B. NTA-Specific Options

All three of our NTA-specific options were designed to improve the classification of SNF
patients with regard to NTA costs. The three options can be viewed as a continuum of choices
based on model complexity. The three models are: (a) RUG-58, (b) the Service Index

Model+RUG58G (SIM), and (c) our New ProfileNTA (NP-NTA).

These options aim to address patient variation in NTA costs. Adaptation of any of these
modelsis not intended to undo the existing RUG-I111 classification system'’s use in adjusting
payments for nursing services and rehabilitation therapy services. In effect, paymentsfor NTA
services, currently embedded in the nursing payment component, would be carved out and

distributed according to one of the NTA-specific options.
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Models

RUG-58

This method of classifying patients according to NTA costs was developed in prior
research (Abt Associates 2000). It entails creating fourteen additional categoriesin the RUG-I11
classification system to account for patients who qualify for both the “ extensive services’ and
“rehabilitation” categories of that system. Prior research (Abt Associates 2000) showed that
such patients have much higher NTA costs than patients who qualified for only the rehabilitation
category. As such, these fourteen additional groups are smply added to the top of the RUG-I111

hierarchy (see Chapter 1V).

Pros:

Implementation and administration requirements are minimal

* Providers and policy communities are knowledgeable about this option

* |t usesthe same dataitems currently required for the RUG-111 system but is a better

predictor of NTA costs

* Itisbased solely on SNF MDS data

Cons:

* Ithasarelatively low variance explanation of NTA costs (10%)

* It does not capture key subgroups of patients with high NTA costs
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Service Index Model (SM)

This option extends the RUG-58 model and entails two basic steps (see Chapter 1V).
First, after patients are assigned to the RUG-58 classification system, they are grouped into eight
broad categories according to the first digit of the RUG-58 category. For example, the first two
categories are: (1) those who qualify for both extensive services and rehabilitation, and (2) those
who qualify only for rehabilitation. Second, the eight-category RUG-58 variableisincluded
with five other MDS and claims-based patient condition and service use variables, to assign

patients, based on statistical analyses, to NTA payment categories.

Two of the more important variables—IV medication and respiratory therapy (RT)—in
the SIM model are derived from the interaction of indicators of service use from the MDS
assessments with those from SNF claims. This construct ensures that the services were provided
during the SNF stay, since indicators of service use from only the MDS can also refer to prior
hospital stays. Although it is possible to use this method to operationalize the variables under a
payment system, it would be cumbersome. It would be considerably more desirable to use only
MDS assessments to capture in-SNF use of such services. A revision in the MDS assessment
instrument that reports whether a patient received a service in a SNF would be required to

implement this option efficiently.
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Pros:

It accounts for 2 important high NTA cost subgroups (1V therapy and RT)

* It has areasonable amount of variance explanation of NTA costs (21%)

* Itisbased solely on SNF data

» It encourages delivery of certain services (e.g., RT) that might otherwise be
underprovided because of high costs

Cons:

» Efficient administration of the SIM model is dependent on revisionsto the MDS
assessment instrument

» Itisnot strongly based on clinical/diagnostic information

New Profile NTA Model (NP-NTA)

Starting from scratch, the NP-NTA model develops a patient classification model for
NTA costs that is most clinically meaningful, using variables that minimize gaming
opportunities by SNF providers (See Chapter V). The model starts with the stratification of SNF
patients into acute, chronic, and rehabilitation subgroups, characterizing the major types of
Medicare SNF patients. Other variables are then incorporated to finalize the specific models for

each of the NTA component cost categories.
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The NP-NTA model includes 22, 28, and 30 patient adjustment factors for the acute,
chronic, and rehabilitation subgroups, respectively. These factors are based on condition and
service use variables from SNF claims, prior hospital claims, and MDS assessments. All
variables are selected to have appropriate incentives for quality of care and to have limited game-

ability.

Pros:

» Itisdesigned specifically to be clinically meaningful

* It hasthe highest variance explanation of NTA costs (25%)

» It provides appropriate clinical incentives and encourages delivery of certain services
(e.g., RT) that might otherwise be underprovided because of high costs

Cons:

» LikeSIM, itisdependent on revisionsto MDS

* Implementation/administration requirements are more complex than for the other
approaches

» It requiresdatafrom prior hospital stays

e It may set up acommunications barrier between hospital and SNF
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Statistical Comparison of the three NTA Models

The NTA models are compared according to the multiple criteria noted above. We
examine statistical indicators derived from a common sample using common methods, which we
call “the base case,” to provide consistent comparisons. We compare the models on a person and
on afacility basis. We aso compare results for relative weights based on both NTA costs and
charges. Because we disaggregated some NTA services (e.g., RT) to the department level and
included awide range of cost-to-charge ratios for them, we were uncertain about the validity of
some of the cost-to-charge ratios used to convert claims-based chargesto costs. While it does
not provide validation for the cost-based models, examining models with charge-based relative
weights provides a sense of the potential influence of extreme cost-to-charge ratios on model

performance.

Comparison of Person-Level NTA Models Based on Costs

Table VII.1 presents statistics on our predictive models of person-level NTA costs. The
upper pane presents findings from our test sample; the lower panel presents comparable
information from the validation sample. Because the results are very similar, regardless of the
sampl e used, we focus discussion on the validation sample results. The first comparison
indicates the amount of variance in NTA costs explained by the models. RUG-58, the first of
our three NTA models, explains about 10% of the variation in NTA costs, an amount that is
considerably better than the 7% explained by the recalibrated RUG-111 system currently in effect.
The second model, the SIM and RUG-58G combination, accounts for 21% of the variation, twice

that of RUG-58 alone. Sinceit is an extension of RUG-58, the SIM+RUG58G builds on the
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Table VII.1: Comparison of Person-Level NTA Costs Models: RUG-III, RUG-58,
SIM+RUG-58G?, and NP-NTA

SIM+RUG-

Indicators RUG-III RUG-58 58G2 NP-NTA
a. Testing sample
R-squared 0.064 0.095 0.212 0.249
SD relative weights 0.354 0.429 0.641 0.680
Sensitivity 0.314 0.376 0.454 0.461
b. Validation sample
R-squared 0.068 0.103 0.214 0.243
SD relative weights 0.349 0.426 0.626 0.670
Sensitivity 0.313 0.375 0.442 0.460

a. RUG-58G contains 8 categories indicating the first digit of the RUG-58 score.

effects of that model to explain NTA costs. Our third model, NP-NTA, has the highest R-

squared, explaining almost 25% of the variation in NTA costs.

The second person-level statistic we examine is the standard deviation of the relative
weights (SD-RW), which indicates the range of payment weights covered by the models. The
SD-RW increases with the complexity of the models. For example, while RUG-58 has a SD-
RW of 0.426, the SIM+RUG58G has a SD-RW of 0.626, roughly 50% higher. The SD-RW of
the NP-NTA (0.670) is dlightly higher even than that of the SIM+RUG58G, indicating that the

latter model has a slightly greater spread in payment values.

The third person-level statistic we examine is the sensitivity statistic, which indicates the
percentage of the highest cost cases correctly predicted by the model to be in the top 10% of

predicted values. RUG-58 correctly predicts 37% of the highest (10%) cost cases, compared
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with 44% by SIM+RUG58G. The NP-NTA model scores the highest of the tested models,

correctly predicting 46% of the highest cost cases.

Comparison of Person-Level NTA Models Based on Charges

Table V1.2 presents statistics that are analogous to those in Table V1.1, but for charges

rather than costs. Some of the basic patterns we observed in Table VI1.1 also appear in Table

Table VII.2: Comparison of Person-Level NTA Charge Models: RUG-III, RUG-58,
SIM+RUG-58G?, and NP-NTA

Indicators RUG-III RUG-58 SIM+RUG58G* NP-NTA
a. Testing sample
R-squared 0.059 0.097 0.283 0.362
SD relative weights 0.468 0.598 1.02 1.13
Sensitivity 0.300 0.321 0.516 0.549
b. Validation sample
R-squared 0.063 0.104 0.259 0.342
SD relative weights 0.462 0.594 0.993 1.14
Sensitivity 0.294 0.320 0.489 0.491

a. RUG-58G contains 8 categories indicating the first digit of the RUG-58 score.

VI11.2. For example, the R-squared increases monotonically from RUG-111 to NP-NTA. The SD-
RWs and the sensitivity indicators also increase with the complexity of the models, from RUG-

11 to NP-NTA.
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We also found notable differences between the model s estimated with cost-based weights
and those with charge-based weights. While the differencesin R-squared between the cost-based
and the charge-based models are marginal for the RUG-I11 and RUG-58 models, they are
considerable for the other two models. For example, the R-squared of the charge-based NP-NTA
model (0.34) was 10 percentage points higher than the R-squared of the cost-based NP-NTA
model (0.24). In general, the SD-RWs are larger for the charge-based models than for their cost-
based counterparts. One explanation for this difference isthat dispersion charges also reflect
variations in SNF charging, whereas this variability was appropriately constrained, in the case of
costs, by the cost-to-charge ratios applied to charges. Another possible explanation is that the
charge modelsfit better because the cost-to-charge ratios are assumed fixed across patients in the
same facility, thereby masking true patient variation in resource use within facilities. The
facility-level analyses below suggest that the former explanation is the primary reason for the

difference.

In the cases of RUG-I11 and RUG-58, the sensitivity indicators were slightly higher for
the cost-based models. For the SIM+RUG58G and NP-NTA models, in contrast, the sensitivity

indicators were dlightly higher for the charge-based models.

Comparison of Facility-Level Models Based on Cost Weights

Data from the validation sample for the person-level models were used to calculate
facility-level models. Table V11.3 presents the evaluation statistics for facility-level models that
were derived from cost-based relative weights (asin Table VI1.1). The first panel presents the

evaluation statistics for just the case-mix index. While RUG-58 explains only 14% of the
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variation in facility-level NTA costs, SIM+RUG58G explains 35%, a more than two-fold
difference. The NP-NTA model has a dlightly higher R-squared (36%) than the SIM+RUG58G
model. In comparison, RUG-I11 only explains 5% of the variation in facility-level NTA costs. It
isimportant to note that the RUG-I11 statistics shown below predicate what the classification

could do if the categories were fit to costs, in contrast to the current system’ s use of nursing

Table VII.3: Comparison of Facility-Level NTA Costs Models: RUG-IIl, RUG-58,
SIM+RUG58G?, and NP-NTA

Indicators RUG-III RUG-58 SIM+RUG58G? NP-NTA
a. CMI only
R-squared 0.047 0.136 0.347 0.362
CMI coefficient 0.899 1.13 1.29 1.15
SE on CMI coefficient 0.125 0.092 0.051 0.041
p-value 0.419 0.155 0.000 0.010
b. CMI payment model
R-squared 0.066 0.153 0.353 0.400
CMI coefficient 0.958 1.15 1.29 1.15
SE on CMI coefficient 0.124 0.091 0.051 0.040
p-value 0.737 0.095 0.000 0.010
c. CMI full model®
R-squared 0.263 0.295 0.396 0.421
CMI coefficient 0.627 0.756 1.040 0.995
SE on CMI coefficient 0.105 0.082 0.064 0.047
p-value 0.000 0.003 0.486 0.917

a. RUG-58G contains 8 categories indicating the first digit of the RUG-58 score.

b. The payment model includes urban/rural status and the area wage index, in addition to the CMI.

c. The full model includes urban/rural status, area wage index, indicators for number of SNF beds (0-9 beds, 10-19
beds, 20-49 beds, 50-99 beds, with 100+ beds as the excluded category), hospital based dummy, ownership type
(voluntary/nonprofit dummy, for profit other dummy, and government dummy, with for profit chain as the excluded
category) and percent Medicare days, in addition to the CMI.

weights for NTA costs.
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In the first panel of Table VI1.3, the CMI coefficient for the RUG-58 model (1.13) and
NP-NTA model (1.15) reveal only small increases from the desired 1.0 level. The CMI
coefficient for the SIM+RUG58G model (1.29) is much higher. For the NP-NTA model, the
coefficient is 1.15. We performed tests of statistical significance to determine whether the CMI
coefficient is statistically different from 1.0. For RUG-58, the CMI (at 1.13) is not significantly
different from 1.0 (p=.155). In contrast, the CMI for SIM+RUG58G (at 1.29) is significantly

different from 1.0, asisthe CMI coefficient of NP-NTA (at 1.15).

The second panel in Table V11.3 presents statistics for the preferred models when
conventional Medicare payment adjusters—urban/rural status and wage index—are included
with the CMI. Addition of the two variables does not notably affect the evaluation statistics

shown in thefirst panel.

The third panel presents findings when a number of other facility characteristics are
included in the models. These include: (a) hospital-based status, (b) percent Medicare, ()
control of ownership, (d) number of SNF beds, and (e) percent of total days covered by
Medicare. For the RUG-58 model, controlling for the other factors strongly affects the
evaluation statistics. Variance explanation (R-squared), for example, increases to amost 30%,
indicating that the facility characteristics added to the model explain a considerable amount of
the variation in facility-level NTA costs. The coefficient on the CMI drops notably below 1.0.
With the additional variables, the coefficient on the CMI of the SIM+RUG58G model drops to
1.04, not significantly different from 1.0 (p-value=.486). Similarly, the CMI coefficient on the

NP-NTA model dropsto 0.995, also not statistically different from 1.0. For the RUG-I11 model,

180



the variance explanation rises to 26%, but the CM|I coefficient isonly 0.627, a statistically

significant indicator of decompression.

Although not presented in Table V11.3, we conducted a similar evaluation of the CART
version of the SIM+RUG58G cost model. Findings mirror those of the regression models
presented here. In general, the amount of variance explained by the CART version is slightly

smaller than that of the regression version, while the CMIs are generally higher.

Comparisons of Facility-Level NTA Models Based on Charge Weights

Table V1.4 presents anal ogous statistics to those in Table V1.3, except that the models
were estimated with charge-based relative weights (asin Table VI1.2). We highlight the notable

differences between the two tables.
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Table VII.4: Comparison of Facility-Level NTA Charges Models: RUG-IIl, RUG-58,
SIM+RUG-58G?, and NP-NTA

Indicators RUG-III RUG-58 S”\g;gEG‘ NP-NTA
a. CMI only
R-squared 0.048 0.144 0.355 0.312
CMI coefficient 0.641 0.794 0.866 0.554
SE on CMI coefficient 0.090 0.062 0.033 0.022
p-value 0.000 0.001 0.000 0.010
b. CMI payment model®
R-squared 0.066 0.161 0.359 0.349
CMI coefficient 0.682 0.806 0.859 0.553
SE on CMI coefficient 0.089 0.061 0.033 0.022
p-value 0.000 0.002 0.000 0.010
c. CMI full model°
R-squared 0.256 0.291 0.396 0.378
CMI coefficient 0.369 0.506 0.706 0.457
SE on CMI coefficient 0.078 0.058 0.043 0.025
p-value 0.000 0.000 0.000 0.010

a. RUG-58G contains 8 categories indicating the first digit of the RUG-58 score.

b. The payment model includes urban/rural status and the area wage index, in addition to the CMI.

c. The full model includes urban/rural status, area wage index, indicators for number of SNF beds (0-9 beds, 10-19
beds, 20-49 beds, 50-99 beds, with 100+ beds as the excluded category), hospital based dummy, ownership type
(voluntary/nonprofit dummy, for profit other dummy, and government dummy, with for profit chain as the excluded
category) and percent Medicare days, in addition to the CMI.

The amount of variance in NTA costs explained by each model is about the same,
although the NP-NTA charge models tend to have noticeably higher R-squared than their cost-
based models. The most notable difference between the modelsin Table VII.3 and VI1.4 is that
the CMI coefficients in the charge-based models are uniformly less than 1.0, whereas most of the
CMIsin the cost-based models are greater than 1.0 and only sometimes significant. In the case
of the CMI payment model, for example, the CMI coefficient for the SIM+RUG58G model is
1.29 for the cost-based model and 0.85 for the charge-based models. If relative weights were

based on costs, these findings suggest that high CMI providers would receive payments lower

than costs, and low CMI providers would receive payments higher than costs. If relative weights
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were based on charges, high CMI providers would receive payments higher than costs and low
CMI providers would receive payments lower than costs. These latter findings seem to be a
reflection of the different charging practices across SNFs, as indicated by the higher standard

deviation of the relative weights of the charge-based models.

Summary of Statistical Comparisons

In sum, the amount of NTA cost variance explained by the RUG-58 model (10%) is
higher than that of RUG-I11 (7%). While RUG-58 represents an improvement from the current
system, the SIM and NP-NTA models are both better, raising the R-squared for NTA coststo
21% and 25%, respectively. The latter two models have levels of variance explanation that are
in the “ball park” with the R-squared derived for case-mix classification systems for Medicare
payment for long-term care hospitals and psychiatric hospitals, although they are considerably
lower than the R-squared derived for inpatient rehabilitation hospitals. I1n addition, RUG-58
correctly predicts 38% of the highest cost (10%) cases, whereas SIM and NP-NTA correctly

predict about 45% of those cases.

The facility regressions provide mixed information on whether compression is a problem.
When considering the payment models (including CMI, wage index, and urban/rural status), the
CMI for RUG-58 (1.15) is not significantly different from 1.0; however, the coefficients are
statistically significant for SIM (1.29) and NP-NTA (1.15). These results suggest some
compression problems with both of the more complex classification models, although in neither
caseisthe CMI coefficient dramatically greater than 1.0. When other facility characteristics are

included in the full model, the CMI coefficient for RUG-58 dropsto a statistically significant
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0.76, compared with 1.04 for SIM, which isinsignificantly different from 1.0. The CMI
coefficient for NP-NTA dropsto 0.995, also not significant. Under the payment models, the
results suggest that all three models are likely to underpay SNFs with more difficult case-mixes
for NTA services, relative to their costs. Under the full model, the results suggest that RUG-58
may overpay such facilities relative to their costs, whereas the other two models pay facilities
nearly in line with their costs. Notwithstanding, all three models are would pay closer in

proportion to costs than the current RUG-111 system.

Comparisons of NTA Models Based on Other Policy Criteria

Other criteriathat we examined were: (@) clinical meaningfulness, (b) ease of
implementation and operation, (C) ease of use by providers, (d) and appropriate clinical and

financial incentives. We compare the three options relative to these criteriain turn:

Clinical Meaningfulness

The NP-NTA model isthe most clinically meaningful of the three since it was designed
to characterize the broad categories of the Medicare SNF population, as well as the subgroups
within these categories. SIM is dightly more clinically meaningful than the RUG-58 because it
specifically identifies two subgroups—users of RT and 1V medications—that have notably high

NTA costs.
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Ease of Implementation and Administration

RUG-58 is the easiest model to implement because it entails a straightforward expansion
of RUG-I1I groups, based on the interaction of groups used in the current system. SIM isdlightly
more complicated to implement. With modifications to the MDS assessments, SIM can be
implemented using afew additional MDS variables. NP-NTA also requires modification to the
MDS, plus a mechanism to convey information from prior hospital stays to supplement SNF
stay-specific information. While some information is currently transferred from discharging
hospitals to SNFs, the amount and types of data are variable. Hence, a systematic process with

very specific minimum data items would have to be developed.

Ease of Use by Providers

RUG-58 places no additional burden on providers, since it uses only the data already
required by the current SNF PPS. Additionally, SNF providers are already familiar with this
model. Although SIM is dlightly more complicated than RUG-58, it uses only SNF generated
data. The proposed changes to ensure certain services are provided during SNF stays would be
viewed as a common sense addition to the MDS. In comparison, the NP-NTA model is more
complicated than SIM, and requires information from prior hospital staysto fully characterize
the payment groups. If hospital stay information can efficiently be transmitted to SNFs, the use
of NP-NTA would also be straightforward and particularly useful to smaller SNFs, which may

not currently have systematic procedures for retrieving data from prior hospital stays.
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Appropriate Clinical and Financial Incentives

All three models include service useindicators. Thisisa potential concern; when
payment is related to service use (rather than the need for services), opportunities arise for
inappropriate clinical and financial incentives. Although we selected and defined variables that
were relatively ‘lessrisky’ for gaming in all three models, the fewer the number of services
included, the lessrisk for inappropriate incentives. At the same time, it should be noted that
inclusion of some service use variables in payment models would provide incentives to provide
certain types and levels of care (e.g., RT care by licensed therapists) that might be more

efficiently provided in SNFs than in other Medicare provider settings.

C. Rehabilitation Therapy Specific Options

New Profile Rehabilitation Therapy Model (NP-Therapy)

We developed one rehabilitation therapy-specific option based on patient need for
therapy services. NP-Therapy (see Chapter V). This“need-based” option addresses the concern
that rehabilitation therapy services are paid on afee schedule in the current SNF PPS. Under the
current system, providers have considerable latitude to determine how much therapy is provided,
and may respond to financial incentives as well asto patients’ needs. Adoption of the NP-
Therapy model by itself implies that the rehabilitation therapy component in the current SNF
PPS would be replaced, while the rest of the payment system would continue to be used asiis.
Only the rehabilitation therapy paymentsin the current SNF PPS would be re-distributed

according to thismodel.
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The NP-Therapy model starts with the stratification of Medicare SNF patients into three
basic subgroups; acute, chronic, and rehabilitation. Other variablesinteract with these groupsin
the final model. The NP-Therapy model includes multiple patient condition variables from SNF,

prior hospital claimsand MDS. The vast mgjority are MDS patients functiona status variables.

Pros:

It is need based

It isclinically meaningful

It provides reasonable variance explanation (19%)

It could reduce over-provision of therapy services

Cons:

Thereisarisk of providers under-providing services, relative to the fee schedule

» If thereisunder-provision, this model could exacerbate it, given the paucity of
information about the right amount of therapy servicesto provide any given patient

» Aswith any classification change, this one implies new implementation and
administration requirements

» It requirestransmission of datafrom prior hospital stays
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Statistical Comparison of “Need Based” and RUG-111 Rehab Therapy Options

The major comparison among options for dealing with rehabilitation therapy is between
the NP-Therapy models, which were devel oped separately for PT/OT and ST, and the
corresponding RUG-I111 rehabilitation therapy components. We applied the same indicators for

comparing the rehabilitation therapy options that we used to examine NTA options.

Comparison of Person-Level Rehabilitation Cost Models

Table VI1.5 presents statistics on our predictive models of person-level rehabilitation
therapy costs. The upper panel presents findings from our test sample; the lower one presents
comparable information from the validation sample. Differencesin evaluation statistics between
the two are small, so we focus discussion on the latter. The first column presents statistics for
the RUG-111 model for physical therapy (PT)/occupational therapy (OT); the second column
presents comparable statistics for the NP-Therapy (PT/OT) model. The third and fourth columns
present information for comparisons between the RUG-111 and NP-Therapy speech therapy (ST)
models. We chose to keep these two types of rehabilitation therapy separate, at least at present,
because the patient characteristics predicting the two types are quite different. These

components can be combined into a single model with further development work.
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Table VII.5: Comparison of Person-Level Rehabilitation Therapy Costs Models: RUG-III
and NP-Therapy

PT/OT ST
Indicators
RUG-III NP RUG-III NP

a. Testing Sample

R-squared 0.386 0.192 0.108 0.191

SD relative weights 0.492 0.345 0.987 1.315

Sensitivity 0.336 0.277 0.485 0.424
b. Validation Sample

R-squared 0.387 0.193 0.098 0.176

SD relative weights 0.490 0.341 0.990 1.32

Sensitivity 0.342 0.293 0.469 0.426

For the PT/OT models, the amount of variance in rehabilitation therapy costs (R-squared)
explained by the RUG-I11 system (39%) is about twice as high as those for the NP-Therapy
(PT/OT) mode (19%). Thisresult isnot surprising, however, since the RUG-II1 rehabilitation
therapy component was designed to categorize cells according to the number of minutes of
therapy provided (or expected to be provided). Thus, the high R-squared for this model isduein
large part to the relationship between minutes of therapy provided according to the payment
schedule and costs of providing those services. RUG-1I1 has a SD-RW of 0.49, while NP-
Therapy (PT/OT) has a SD-RW of only 0.35, indicating that RUG-111 has awider range of
payment weights for PT/ OT therapy services. Although the sensitivity indicator is slightly
higher for RUG-I11 (34% vs. 29%), both models correctly predict about 30% of the highest cost

cases.

For ST services, the amount of variance explained by the NP-Therapy (ST) model is
almost twice that of the RUG-I11 speech therapy model (18% vs. 10%). These statistics are from

the validation sample, which provides a better representation of expected results than the test
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sample that was used to develop the models. NP-Therapy (ST) model has a SD-RW of 1.32,
which is considerably wider than that of the RUG-111 model (0.99). The large SD-RW may be
due, in part, to the large number of stays with zero ST use. In contrast to their differences on the
SD-RW, the two models have very comparable values on the sensitivity indicator (47% for

RUG-I11 and 43% for NP-Therapy (PT/OT) ).

Comparison of Facility-Level Rehab Cost Models

Datafrom the validation sample for the person-level models were used to calculate
facility-level models. Table V1.6 presents the evaluation statistics, similar to those we presented

above for the NTA models. We focus on the payment model and the full model.

Table VII.6: Comparison of Facility-Level Rehabilitation Therapy Costs Models:
RUG-IIl and NP-Therapy

) PT/OT ST
Indicators
RUG-III NP RUG-III NP
a. CMI only
R-square 0.313 0.139 0.142 0.195
CMI coefficient 0.889 1.20 1.03 1.02
SE on CMI coefficient 0.070 0.110 0.074 0.053
p-value 0.114 0.073 0.715 0.675
b. CMI payment model®
R-square 0.329 0.149 0.147 0.203
CMI coefficient 0.910 1.20 1.01 1.01
SE on CMI coefficient 0.071 0.107 0.075 0.053
p-value 0.207 0.061 0.946 0.793
c. CMI full model”
R-square 0.373 0.171 0.168 0.210
CMI coefficient 0.914 1.200 0.945 0.970
SE on CMI coefficient 0.068 0.120 0.081 0.058
p-value 0.209 0.103 0.500 0.550

a. The payment model includes urban/rural status and the area wage index, in addition to the CMI.

b. The full model includes urban/rural status, area wage index, indicators for number of SNF beds (0-9
beds, 10-19 beds, 20-49 beds, 50-99 beds, with 100+ beds as the excluded category), hospital based
dummy, ownership type (voluntary/nonprofit dummy, for profit other dummy, and government dummy,
with for profit chain as the excluded category) and percerl%bdicare days, in addition to the CMI.



For physical therapy and occupational therapy services, the RUG-111 payment model
explains 33% of the variation in rehabilitation therapy costs at the facility level, while NP-
Therapy (PT/OT) explains 15% of the variation in costs. The higher R-squared of the RUG-III
facility-level model, relative to the NP-Therapy model, is again due largely to the circularity
between RUG-I11 payment categories and costs. The CMI coefficient of RUG-111 is0.91 which
isnot significantly different from 1.0. The NP-Therapy (PT/OT) has a CMI coefficient of 1.2,
although not significantly different from 1.0 (p=.061) at the .05 level, it issignificantly different
at the .10 level. Inthefull models, R-squared values for both RUG-111 and NP-Therapy models
do not change appreciably relative to those of the payment models. The values of the CMI

coefficients are also unchanged.

For the payment models for speech therapy, the NP-Therapy (ST) model explains a
higher proportion of the costs than does the RUG-I11 model (20% vs. 15%). Both models have a
CMI coefficient that is effectively 1.0. Resultsfor the full models are also quite similar for the
two models. NP-Therapy (ST) has adlightly higher R-squared (21%) than does the RUG-I111
model (17%), and both models have CMI coefficients that are close to 1.0 and not significantly

different from 1.0.

In sum, the RUG-I11 model explains a higher proportion of the variance in rehabilitation
costs for physical therapy and occupational therapy, at both the person and facility levels, but a
large part of its R-squared value is due to the relationship between the RUG-I 11 payment
categories and rehabilitation costs. RUG-I11 also has a CMI coefficient slightly below 1.0 and
insignificant. NP-Therapy (PT/OT) has a CMI coefficient slightly above 1.0 but also

insignificant. For speech therapy, NP-Therapy (ST) explains a higher proportion of the variance
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in costs than does the RUG-I11 at both the person- and the facility-level. For the payment model,
the CMI coefficients for both models are effectively stay at 1.0. In general, neither model is

superior to the other.

Comparison of NP-Therapy Models and RUG-I 11 Based on other Policy Criteria

Clinical Meaningfulness

NP-Therapy was designed to be clinically meaningful to practitioners, and the first level
of the classification model is based on the three mgjor categories of Medicare SNF patients.
Within each of the broad categories, subgroups are defined primarily by functional status
indicators, which suggest need for therapy services based on clinical criteria. The RUG-III
therapy component is composed of bands of therapy minutes provided (or predicted to be
provided), modified by therapist type. This component does not include indicators of patients

clinical or functional status.

Ease of Implementation and Administration

NP-Therapy can be implemented with some changes to the information systems of CMS
and providers, since most of the variablesin the model are derived from the MDS. Itis
necessary, however, to implement a process for transmitting data from prior hospital staysto

complete the classification of patients.
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Ease of Use by Providers

Providers have been adjusting to use the RUG-II1 based classification system since 1998.
Naturally, they would probably think it desirable to continue its use. New adjustments would be
needed if NP-Therapy were implemented, since each SNF provider would have to determine

how the new payment rates relate to the costs of the therapy servicesit actually provides.

Appropriate Clinical and Financial Incentives

The current rehabilitation therapy component of the SNF PPS gives providers
considerable | atitude over the amount and type of therapy services provided to patients. While
some observers feel that financial incentives are too strong under the fee schedul e payment
system, some providers think the RUG-I11 rehabilitation component fosters a “ case management”
approach by allowing more flexibility in adapting care to changing needs. Although a *need-
based” rehabilitation therapy model is more conventional, it may create incentives to under -
provide, since thereis no established ‘right amount’ of therapy to provide a given patient. Some
observers argue that the fee-schedul e provides more assurance that needed therapy is actually

provided.

D. DRG-Related Options

Unlike the NTA-specific and rehabilitation therapy-specific options—which were
designed for SNF services—the DRG-based option was “taken off the shelf,” with enhancements

for functional and cognitive status, and examined for its applicability to SNF service costs.
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Adoption of the DRG total cost model would imply implementation of atotally different
approach for case-mix classification of Medicare SNF services. Asdescribed in Chapter VI, the
DRG classification system also can be adopted to case-mix adjust payments for NTA services,
rehabilitation therapy services, or both, with the remaining service components continuing to be

paid under the RUG-I11 system.

Model

Conceptually, the DRG-based system begins to address some of the areas for potential
refinement in the current SNF PPS. It improves the variance explanation for NTA costs,
substitutes a need-based payment strategy for rehabilitation therapy services, and provides a
possibility for updating payment weights in the fashion used for acute care hospital's under
Medicare. Although we tested a DRG-based model using the prior hospital stay datato assign
DRGs, it isaso possible to assign SNF patients to DRGs based only on SNF data, once SNF
coding issues are resolved (see Chapter 111). In either case, once DRGs are assigned, weights are
constructed based on SNF cost or charge data. Our model includes a small set of functional
status indicators to augment the DRGs. Other patient characteristics information from the SNF

stay could readily be incorporated to further enhance the DRG-based model.
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Pros:

» Themodel relies only on DRGs from the prior hospital stays and functional status
data from the MDS

* |t can be used to pay on the basis of total costs of care

* Itisnot subject to gaming by SNF providers

Cons:

» Patient conditions that could change between hospital and SNF stays would not be
reflected

e It requiresdatafrom prior hospital stays

e It only marginally captures medical complexity during SNF stays

* The hospital used for the prior stay could influence SNF payment

Statistical Comparison of DRG-Based and RUG-I11 Models

Comparison of Person-Level Cost Models

Table VII.7 presents statistics on the DRG-based person-level models for total service
costs. (See Chapter VI for statistical evaluations of the NTA and rehabilitation therapy

components.) We provide comparable statistics for the RUG-I11 model in two ways.
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First we used RUG-II1 categoriesto explain total costs of care. While the RUG-I111
system was not originally designed for this purpose, we illustrate what the RUG-I11 classification
system could do if the RUG weights were redefined to predict SNF costs (rather than predicting
staff nursing time and pricing actual therapy minutes). It is analogous to the other comparisons

to RUG-I111 above for the different cost components.

Second, we used the current RUG-111 relative Medicare SNF payments to predict total

SNF costs. Thisis meant to illustrate in a comparable manner how well the current RUG-I11
payments relate to total SNF costs. We implement this analysisin two steps. First, we compute
the average total SNF payments by RUG group by regressing actual per day payments on the 44
groups, from which we compute RUG payment weights. We then regress total costs per day on
the payment weights at the stay level. We also use the RUG-II1 payment-based relative weights
to construct CMIsfor the facility-level analyses that follow. Because payments are not directly
available for components of services, we limited the latter comparison to one of total Medicare

Sservice payments.
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Table VII.7: Comparison of Person-Level SNF Total Costs Models, RUG-IIl and
DRG + Functioning

Explanatory Variables

Indicators ——— —
RUG-III G+
Categories Payment Functioning
Weights Variables

a. Testing sample

R-square 0.044 0.019 0.128
SD relative weights 0.115 0.134 0.190
Sensitivity 0.221 0.103 0.248

b. Validation sample

R-square 0.050 0.021 0.109
SD relative weights 0.116 0.134 0.189
Sensitivity 0.226 0.098 0.231

Aswith other comparisons in this chapter, the results for the validation sample are similar
to those for the testing sample, so we focus discussion on the lower panel of Table VII.7. The
resultsin the first two columns compare how RUG-I111 predicts costs with how the RUG-I1
payment weights currently predict costs. The R-squared is 5.0% using the RUG-II1 categories
versus 2.1% using the RUG payment weights. Thus, the 44 RUG groups could predict costs
better than RUG payments currently do. The 44 RUG groups could predict 23 % of the most
costly 10% of cases, whereas current RUG-payments only predict 9.8% of the most costly cases.
Interestingly, RUG-I11 payment would vary more if based on relative costs. The bottom lineis
that current payments vary by RUG group in ways that bear little relation to variation in patient
costs. Even if the RUG-I11 weights were replaced with cost-based weights, the R-squared would

only be 5.0%.
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Comparing the DRG + functioning models in the third column to the RUG-II1 modelsin
the first column, we see that the DRG-based model explains 11% of variation in costs and
correctly predicts 23% of the highest (10%) cost cases. RUG-I1II explains only 5% of the
variance in total costs, but correctly predicts 23% of the highest cost cases. The standard
deviation of the relative weights of the DRG model is0.189, relative to 0.116 for RUG-I11,
indicating that the DRGs would have awider range of payment weights for total costs. Thisis

due to the ability of DRGs to better capture routine costs compared with RUG-I11.

Comparison of Facility-Level Cost Models

Table V1.8 presents eval uation statistics for facility regressions where total facility costs
are regressed on three different CMI measures. the RUG-111 cost based CMI, RUG-II1 current
payment-based CMI, and DRGs + functioning cost-based CMI. Asfor other analyses above,

CMI only models, payment models, and fully-specified models are estimated.
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Table VII.8: Comparison of Facility-Level Total Costs Models: RUG-IIl and DRG +
Functioning

CMI Measure
RUG-III RUG-III Current DRGs +
Cost-Based Payment-Based Functioning
CMI CMI Cost-Based CMI
a. CMI only
R-square 0.136 0.051 0.248
CMI coefficient 2.40 1.19 1.998
SE on CMI coefficient 0.232 0.126 0.116
p-value <0.005 0.137 <0.005
b. CMI payment model
R-square 0.192 0.104 0.289
CMI coefficient 2.46 1.22 1.955
SE on CMI coefficient 0.233 0.127 0.115
p-value <0.005 0.085 <0.005
¢. CMI full model
R-square 0.592 0.594 0.577
CMI coefficient 1.06 0.883 0.467
SE on CMI coefficient 0.155 0.108 0.096
p-value 0.677 0.281 <0.005

The RUG-III cost-based CMI models have higher R-squared than the payment-based
CMI modelsin the CMI-only and payment regressions (13.6% vs. 5.1% and 19.2% vs. 10.4%,
respectively). Inthe fully-specified models, however, the R-squared are nearly identical in the 2
models (about 59%). This suggests that much of the additional explanatory power exhibited by
cost-based CMIsisrelated to facility characteristics. I1n addition, the high R-squared in the
facility regressions suggests that facility characteristics, such as ownership, hospital-based status,

and bed size, explain alarge share of the variation in total SNF costs.

We find evidence of extreme CMI compression in the payment model using the RUG-I11

cost CMI, but only moderate compression using the payment-based CMI. This suggests that
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current payments are more proportionate to costs than are RUG-111 cost-based relative weights.
In the fully-specified models, however, we see that the RUG-I11 cost-based models exhibit only
minor (and statistically insignificant) compression; the payment-based CMI looks asif it exhibits
CMI decompression (CMI coefficient = 0.888). Due to the large standard error, we cannot
conclude it is significantly different from 1.0; but the point estimate suggests that under the
current RUG-I11 payment regime, facilities may in fact have incentives to select patients with
high expected costs. The rehabilitation RUG categories tend to be the highest paying, and some
observers consider them to be the most profitable categories for SNFs. Thiswould be consistent

with the decompression point estimate.

Comparing the DRG + functioning cost-based CMI results with the RUG-I11 cost-based
CMI results, we find that in the CMI only and payment regressions, the DRG-based CMIs
explain alarger share of total facility costs than the RUG-I11 CMI (24.8% vs. 13.6% and 28.9%
vs. 19.2%, respectively). In the fully-specified models, however, the R-squared is slightly lower
using DRGs compared with RUGs (57.7% vs. 59.2%). This suggests the RUGs are picking up
more unique cost variation not otherwise explained by facility characteristics. The DRG CMI,

like the RUG-II1 CMI, exhibits extreme compression in the payment regression.

In the fully-specified models, the DRG CMI again exhibits substantial and statistically
significant decompression, with a CMI coefficient of 0.467. This suggests that using the DRG-
based model without further modifications would create a larger incentive for SNFs to select
patients in the higher-paying case-mix groups than is currently exhibited for the RUG-111 system

or for aRUG-I11 system with cost-based relative weights.
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Comparison of DRG-Based Models and RUG-111 Models Based on Other Policy

Criteria

Clinical Meaningfulness

The DRG-based model that we devel oped uses the DRGs from prior hospital stays, along
with functional and cognitive status measured during the SNF stay. Because the SNF stay is
conceptually an extension of the hospital stay, the DRG of the prior hospital stay would
differentiate, to some extent, the high cost of SNF services. In addition, the DRG model includes
measures of functional status during the SNF stay. A missing piece in this model is the medical
complexity of patients during the SNF stay, which may include, for example, use of IV
medication or RT. Because of its particular use of extensive services, clinically complex, and

special care categories, RUG-I11 more directly captures some of this medical complexity.

Ease of Implementation and Administration

Because DRGs are in current use for acute and long-term care hospitals, most of the
process machinery to implement a DRG-based model isreadily available. Relativeto RUG-III,
some additional effort is required to move to a new system, but the effort should be modest.
Nevertheless, some systematic means for transmitting DRG information from prior hospital stays

to SNFs would have to be implemented.
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Ease of Use by Providers

SNF providers are generally unfamiliar with DRGs, but are quite familiar with the
functional status measures from the MDS. Adjusting to DRGs, based on prior hospital stays,
will be aburden for providersin the short run. Inthelong run, however, it seems reasonable to
transition to using diagnosis information from SNF stays as input to the DRG-based

classification system.

Appropriate Clinical and Financial Incentives

The DRG-based model is based on DRGs of prior hospital stays and current functional
status variables. It does not, therefore, contain incentives to provide particular services for
financial, rather than clinical, reasons. Although some observers claim that DRGs based on prior
hospital stays present opportunities for acute care hospitals to influence SNF payments, others
argue that it is not cost-effective for such hospitals to modify DRG coding simply in order to

influence SNF payments.

E. Discussion

Since there are pros and cons for each of the models, choice of a specific model will

depend on how much weight is placed on particular criteria used for comparing the models.

The models we have presented in this report reflect particular versions of research
options for addressing specific SNF service components. The presented models can certainly be

refined, based on further input. For example, specific variables could be deleted from agiven
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model if they are deemed to provide inappropriate incentives. Also, although we presented
multiple models that span a continuum of choices according to varying degrees of statistical,

clinical and administrative complexity, hybrids of those models can be easily devel oped.
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VIIl. SNF PPSOutlier Payment Policies

A. Introduction

Medicare outlier payments are additional compensation to providers paid under
prospective payment systems (PPSs) for cases whose treatment costs are extraordinarily high, as
determined by specific threshold criteria, relative to their regular PPS payments. Outlier
payments are budget-neutral policies, meaning that they are self-financed through reductions

made to the PPS' s base payment rate.

The SNF PPS currently does not include an outlier policy. However asthis project’s
TAP members noted (SNF TAP 2004), some stakeholders and analysts suggest that an outlier
policy should be a basic component of any PPS, and others suggest that an outlier policy may
help address the SNF PPS case-mix classification system'’s specific limitations in matching NTA
payments with NTA resource use—a limitation that became apparent only after the PPS had

been introduced.

Outlier payment policies are not sufficient, however, for fully realigning mismatches
between payments and costs that occur due to the structure of the classification system, and they
cannot turn a patient stay or patient day from afinancial lossinto either afinancial draw or a
financial gain. Instead, outlier payments defray only some of the losses incurred by providers for
agiven case, and are intended to reduce a PPS' s incentive for providers to undertreat such cases.
Provider losses before outlier payments are triggered are necessary to retain the efficiency

incentives of aPPS (Keeler, et a. 1988). Outlier policies are structured to compensate for the
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“upper” portion of a case’sloss, and require that the provider bear the “lower” portion of acase’s
loss—that is, costs incurred above the PPS payment amount up to a specific threshold. This
structure ensures that extreme costs are compensated for, but also results in many cases being

ineligible for outlier payments, even though they incur some financial loss.

Outlier payment policiesin each of Medicare' s other PPSs are based on an assessment of
acase stotal costsin relation to its total PPS payment rate. Thisis the conventional approach
because any type of patient care cost (e.g., prescription drugs, therapies, other ancillaries, nurse
staffing) can contribute to the occurrence of extraordinary costs. (Patient care costs are
identified by reducing patient care charges on a Medicare claim to costs using a provider’ sratio
of costs to charges as determined from its Medicare cost report). Most TAP members and policy
advisorsto this project preferred, in principle, atotal cost policy. But since the accuracy of the
current methodology for allocating NTA costs has been a specific concern in the SNF PPS
(Maxwell, et al. 2003), they expressed interest in an NTA-specific outlier policy aswell.

Further, some suggest that a narrower outlier policy may be less easily manipulated than a
broader outlier policy, since providers have more latitude in manipulating multiple (rather than
just one) service components. This occurred recently under the inpatient hospital PPS (Institute
for Health and Socio-Economic Policy 2002) and corrective actions were issued in the hospital
PPS proposed and final rules (CMS 2003). In this project, we devel oped and simul ated both total
cost outlier policiesand NTA cost outlier policies. Under our NTA policy development and
simulations, a case may not receive NTA outlier paymentsiif itstotal PPS payments exceeded its

total costs.
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Therest of this chapter comprises seven sections. Section B explainsin more detail the
basic components of an outlier policy. Section C describes the data sources used and variables
created. Section D describes the outlier policy approaches and parameters selected for
developing and simulating specific outlier policies. Section E presents findings of the total cost
policy smulations. Section F presents findings of the NTA cost policy simulations and broadly
compares the Sections E and F findings of the two approaches. Section G makes additional
comparisons between the two approaches by describing the “overlap” of the number of stays
receiving outlier compensation under the two approaches, and by highlighting the two particular
total and NTA policies that are most analogous to each other. Section H summarizes the chapter
and concludes with tentative overall comments regarding outlier policies under the RUG-I11 SNF

PPS.

Outlier policies are compared and discussed in terms of the incidence of outlier cases and
outlier payments across patient and facility characteristics. The patient characteristics examined
are the seven overall categories and forty-four final payment groups of the PPS's RUG-II1 case-
mix classification system. The facility characteristics examined include free-standing or
hospital-based status; rural or urban status; ownership and control status (non-profit,
government, for-profit/chain-owned, or for-profit/ individually-owned); facility size (number of
Medicare-certified beds); Medicare volume (percent of patient days that are Medicare-covered

days); and the nine Census divisions.

The findings revea that the incidence of both total cost and NTA cost outlier casesis
highest in the RUG-111 special care category relative to other RUG-111 categories. Acrossall

forty-four RUG-I11I classification groups, the incidence of outlier casesis highest in the
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rehabilitation low/B (RLB), specia care/A (SSA), and extensive services/3 (SE3) groups. Most
stays with outlier payments are in the rehabilitation category, though, reflecting the fact that most
SNF stays are assigned to this RUG-I111 category. Interms of facility characteristics, outlier
payments improve the average payment-to-cost ratios of hospital-based SNFs, government-
owned SNFs, those with greater than a 25% Medicare volume share, and SNFsin West South
Central states, relative to staysin facilities with other characteristics. Even among these
particular facility groups, however, the outlier policies simulated do not alter the groups average

payment-to-cost ratios so much that they are close to 1.0.

B. Components of Medicare PPS Outlier Payment Policies

An outlier policy comprises three basic components, which finance and identify the cases
that will receive outlier payments: (1) atargeted aggregate amount of funds made available for
outlier payments; (2) aloss amount, which is used to determine an outlier eligibility threshold;

and (3) and aloss-sharing ratio (i.e., areinsurance rate).

Outlier Target

Outlier payments are financed by first targeting for each payment year a certain
percentage of the total projected Medicare payments for a provider group (e.g., SNFs). Under
some Medicare PPSs, this percentage is determined by statute. Up to this percentage of tota
spending can be used for outlier payments. However, outlier targets do not reflect designated
dollars owed providers regardless of whether actual outlier paymentsfall short of the outlier

target. Across Medicare PPSs, outlier targets range from 2% to 8% of aggregate Medicare
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provider group payments (Table V111.1). The base payment rate (or conversion factor) in a PPS

is reduced to finance the outlier target and still maintain budget neutrality.

Table VIII.1: Medicare Prospective Payment Systems: Outlier Policy Parameters, 2004

Annual

. , Unit of PPS : Loss-Sharin Loss Amount
Provider Group's PPS Payment Outlier Ratio 9 2004
Target
Inpatient (acute) hospital Discharge 5% 80% $31,000
Inpatient rehabilitation facility Discharge 3% 80% $11,211
Long-term hospital Discharge 8% 80% $19,590
Inpatient psychiatric facility Day 2% 80% (1-8 days)  $4,200 per stay
60% (9+ days)

Hospital outpatient department Bundle of services 3% 50% 2.6 X base rate
Home health agency 60-day period 5% 80% 1.13 x base rate

Loss Amount

Examining a case’ stotal reported costs for services covered under a PPS rate identifies
outlier cases. Some high cost, low prevalence services are excluded from PPS rates and are paid
for separately.®* As noted above, costs are identified by applying a provider's cost-to-charge
ratio (CCR), derived from that provider’s most recent Medicare cost report, to a case’ s total
charges for covered services. In most of the Medicare PPSs, a provider’s CCR that diverges very
substantially from the CCRs of other similar facilitiesis replaced with an average CCR derived

from those similar facilities (CMS 2003). A CCR may be very divergent because of, for

4 Several high cost and low prevalence covered SNF services have been excluded from the SNF PPS daily rate and
are paid for separately using Medicare’ s Part B fee schedules. These servicesinclude certain dialysis-related
services and drugs, aswell as services provided by physicians, midwives, psychologists, and nurse anesthetists (all
excluded by the BBA). Also excluded are certain outpatient services when provided in a hospital (including
associated medically indicated ambulance transport): cardiac catheterization, CT scans, MRIs, ambulatory surgery
performed in operating rooms, emergency services, radiation therapy, angiography, and lymphatic and venous
procedures (all excluded by the July 1998 Final Rule). Also excluded are: specified chemotherapy items and
services, radioisotope services, customized prosthetic devices, and ambulance transportation for dialysis (all
excluded by the BBRA).
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example, data problemsin cost reports, variations in cost allocation methods, or evidence of cost
report manipulation (Institute for Health and Socio-Economic Policy 2002, CM 'S 2003).
Analyses of the SNF cost reports under this project suggest that SNF cost report data issues may
prompt the need for applying representative CCRs rather than actual facility CCRsin some

cases.

A case qualifies for outlier payments when its costs for covered services exceed a
specified dollar threshold. The threshold is determined by summing a case' s PPS payments and
adollar amount, termed aloss amount. A fixed-loss amount reflects the level of unreimbursed
costs that providers must bear for any case— before outlier payments can be received for costs
incurred above the unreimbursed costs (i.e., above the fixed-loss amount). Fixed-loss amounts
vary dlightly by provider, because they are wage-adjusted to reflect labor costsin the area of the
provider. Asnoted, loss amounts are necessary to retain the efficiency incentives of a
prospective payment system (Keeler, et al. 1988). A fixed-loss amount, as opposed to avarying-
loss amount, isintended to reduce a provider’ s differential incentives to accept casesin different
case-mix classification groups. However, varying-loss amounts can be used by applying a
specified multiplier to each case-mix classification group’s payment rate. This multiplier
approach is currently used in the hospital outpatient payment system, and was used in the

hospital inpatient PPS until 1995.

Loss-Sharing Ratio

Providers are not reimbursed for 100 percent of reported costs above the threshold.

Instead, outlier payments are intended to cover roughly the marginal costsincurred by providers
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(beyond the eligibility threshold). The percentage of reimbursed costsis termed the loss-sharing
ratio. Acrossthe Medicare PPSs, this ratio ranges from 50% to 80% (Table V1I1.1). The
inpatient psychiatric facility (IPF) payment system applies two loss-sharing ratios, which are
intended to reflect adeclining marginal per diem cost of furnishing inpatient psychiatric care
over the course of astay. Inthat system, the first loss-sharing ratio (80%) appliesto eligible per
diem costs up to and including the median number of covered days across all inpatient
psychiatric facilities. The second ratio (60%) applies to costs associated with daysin a stay
beyond the median number of |PF covered days. The unit of payment in the |PF PPSis the day.
However, its outlier policy parameters are calculated on a per stay basis and a provider’s stay-
level costs are examined relative to its stay-level paymentsin determining eligibility for outlier
payments. This method eliminates an incentive to manipulate the timing of submitting charges,
which would occur if outlier eligibility were determined using actual daily costs and charges.
Alternatively, outlier policies can be developed based on daily costs averaged over a stay.
Depending on patterns of average daily costs and average lengths of stay, stay-level outlier
policies and average daily outlier policies can result in different distributions of outlier payments.
Some suggest that the assessment of stay-level costs and paymentsis a better reflection of the

overall financial impact of a case on aprovider (CMS 2004).

Using a payment system’ s specified target percentage and loss-sharing ratio(s), each year
CMS uses the latest available Medicare claims data and cost-to-charge ratios to calculate a
payment system’ s loss amount for the coming payment year. This dollar amount is printed in the

proposed and final rulesin the Federal Register.
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C. Data Sources

Our outlier policy analyses are performed using a 10% random sample of SNFs and all
their associated staysin 2001. Thisfile, which was used in the case-mix classification analyses

presented in earlier chapters, was described in Chapter 111.

Total per diem costs and NTA per diem costs were calculated from the SNF claims data
and 2001 SNF cost reports. Cost-to-charge ratios were derived from cost reports and applied to
charges on SNF claims, as described in detail in Chapter I11. Total per diem payments were
derived using the RUG-I11 payments associated with all clamsin a stay divided by the number
of covered daysin astay. Because NTA payments are not identified separately on the claims,
we simulated expected NTA payments by estimating the proportion of total paymentsthat are

attributable to NTA services. These estimates were made for each RUG-111 group.

Stays from facilities that had missing cost report data and that resulted in missing or
clearly erroneous CCRs were excluded from the universe of stays from which the 10% data
sample was selected. Other data quality flags were applied to the stays, as described in Chapter
[11. After applying these flags, the 10% sample includes 170,783 stays. After excluding another
530 stays (or about 0.33% of stays) due to missing RUG-II1 group assignments, the file used in

the outlier policy analysesincluded 170,253 stays, furnished by atotal of 1,386 SNFs.
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D. Outlier Payment Policy Approaches and Parameters Analyzed for the SNF PPS

Budget-Neutral Policies

Budget-neutral outlier policies were simulated to accompany payment rates under the
existing RUG-1I11 case-mix classification system. That is, outlier payments and the RUG-I111 base
rate reductions necessary to maintain budget neutrality were calculated and applied. Under both
the total cost and NTA cost policy analyses, we reduced total RUG-I111 rates. Regarding NTA
cost policies, this meansthat in order to finance NTA outlier compensation, we reduced all
payments (i.e., routine, NTA, and therapy payments combined) rather than only reducing the
estimated portion of RUG-111 payments attributable to NTA services. An NTA policy could aso
be financed solely by reductionsin the estimated NTA payments. The project’s TAP was
generally, though not unanimously, in favor of reducing all payments to finance either outlier
approach (SNF TAP 2004). Reasons for reducing all payments to finance outliersinclude the
point that, in any PPS, cross-subsidization by providersinherently occurs across their cost
components and cases. Further, some analysts suggest that RUG-111 payments provide
overpayments for therapy costs relative to NTA costs and recommend more explicit cross-

subsidization from SNF therapy paymentsto SNF NTA payments (MedPAC 2004).

Total Cost Qutlier Policies

The total cost policies allow for outlier payments due to extraordinary NTA costs (such
as high prescription drug costs), routine costs (such as in facilities with very high nurse staffing

ratios), or therapy costs. Under atotal cost outlier approach, a stay in agiven RUG-I1I group is
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eligible for outlier compensation when its total costs pass athreshold relative to its full RUG-III
group payment. Thus, the dollar level of the threshold varies by RUG-II1 group. Because outlier
thresholds are set in relation to a payment system’ s case-mix classification groups, the extent of
the variation in the thresholds in these outlier analyses is bounded by the variation in the
payment weights of the RUG-111 system. Stayswith total costs exceeding their threshold receive
compensation for a portion of their total costs exceeding thistotal threshold.

Five total cost outlier policy targets are presented in this chapter: outlier payments equa
to 1%, 2%, 3% , 4 %, and 5% of total SNF PPS paymentsin 2001. For example, SNF PPS
paymentsin 2001 were roughly $11 billion; thus, a 1% total outlier policy has a target of about
$110 million. These target percentages encompass the range of target percentages used in al
other Medicare PPSs except for in the long-term care hospital per case PPS, which has an 8%
target. In selecting atarget, other payment systems have selected the target that results in 10% of
stays being eligible for outlier payments (e.g., the inpatient psychiatric facility PPS (CMS 2003,
CMS 2004)). Inthisstudy, a4% total cost target results in 10% of SNF stays receiving outlier

payments.

NTA Cost Outlier Policies

Under the NTA cost outlier approach, a stay in agiven RUG-III classification group is
eligible for outlier compensation only when its NTA costs pass a threshold relative to the
estimated amount of that RUG-I11 group payment attributable to NTA. The dollar level of the
threshold varies by RUG-II1 group, and the variation is bounded by the variation in the “routine”
component of the RUG-111 group. Thisis becausein the RUG-I1I case-mix classification system,

these payment weights are intended to account for variation in resource use associated with
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nursing care and NTA. Stayswith NTA costs exceeding their threshold receive compensation
for aportion of their NTA costsin excess of the threshold. Under our NTA cost policy analyses,
acase may not receive NTA outlier paymentsif itstotal SNF PPS payments exceeded its total
costs. Among cases not meeting this condition (i.e., those cases that are eligible for NTA outlier
payments except for the fact that their RUG-111 payments are greater than their total costs),

RUG-111 payments exceed total costs by arange of about 12% to 18%.

A total of eight NTA cost outlier policy targets were developed in thisstudy. Aswith
the total cost policies, 1% through 5% NTA targets were first developed. The estimated share of
SNF payments attributable to NTA in 2001 is about 16%, thus a 1% NTA outlier policy hasa
target of about $18.2 million. None of these five targets, however, resultsin 10% of SNF stays
receiving NTA outlier payments. Because this share has been used as a guideline in selecting
outlier policies, we also derived an NTA target that meets the 10% share guideline. In this study,
this share equals a 15% target. Because of the extent of the mismatch between RUG-I11
payments and NTA resource use and the desire among some stakeholdersto redistribute all NTA
payments differently, we also wanted to simulate an NTA target that equals the entire share of
SNF PPS payments attributable to estimated NTA payments. However the resulting target—
16%— isvery close to the target that captures 10% of SNF stays (the 15% target). In the tables
below, we present three targets: the 15% target because it meets the 10% share guideline, and
the 5% target because it is the target closest to the 10% share guideline from among the group of
targets used in most of Medicare’ s other payment systems (the 1% through 5% group). We aso
present a 10% target, because it shows a middle-range aternative between the 5% and 15%

targets. Resultsfor all eight NTA cost outlier policies can been seenin Appendix VIII.
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L oss-Share Approaches

In both the total cost and NTA cost policies, two loss-sharing ratios are applied, reflecting
declining marginal costs of care over the course of a SNF stay. A loss-sharing ratio of 80% is
applied to eligible per diem costs from day one of a stay to days up to and including the median
number of covered days. A case s édligible per diem costs equal itstotal eligible costs divided by
the number of covered days.”® A loss-sharing ratio of 60% is applied to eligible per diem costs
associated with any daysin excess of the median. As noted above, the use of two loss-sharing
ratios, and their application to costs based on a provider group’ s median number of covered days,

isapplied in Medicare’ s other per diem PPS, the inpatient psychiatric facility PPS.

Across all SNF stays, the median number of covered daysis eighteen. Mean and median
lengths of SNF stays vary markedly across provider groups, and are correlated in particular with
afacility’ s hospital-based or free-standing status. Applying an overall median valuein
determining the loss-share percentage applied to eligible outlier costs resultsin the eligible
outlier costs of shorter-length stays being compensated at an overall higher rate than that of
longer-length stays. To offer two policy approaches to thisissue, we applied two alternative sets
of mediansin calculating outlier payments under each total cost policy target and each NTA cost
policy. Under the first approach, acommon median (18 days) was calculated across all SNF
stays and applied in outlier payment determinations. Under the second approach, separate

medians for hospital-based and free-standing facilities were calculated (11 days and 21 days,

25 |n determini ng eligible outlier costs, fixed-loss amounts were wage-adjusted to account for areavariation in
provider costs. This adjustment is consistent with outlier policiesin other Medicare PPSs.
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respectively), and applied in outlier payment determinations for these two facility groups.?®
Results from the common median approach are presented in Sections E through G. Summary
statistics of the separate median approach are presented as well, and detailed findings of the
separate median approach are presented in terms of percent change (e.g., of average outlier

payment amounts) between the common median and separate median approaches.

Using per Stay Versus per Diem Costsin Determining Outlier Payments

The SNF outlier payment policies developed here analyze payments per stay relative to
costs per stay. This approach was used because some policymakers view the assessment of stay-
level costs and payments as a better reflection of the overall financial impact of acaseon a
provider than daily or average daily costs and payments (CM S 2004), and because it follows the
policy decision regarding the inpatient psychiatric facility per diem PPS (CMS 2003, CMS
2004). However, sound outlier policies can be developed based on daily costs averaged over the
course of astay. (Actual daily cost policies are undesirable because they create incentives to
manipulate the timing of charges claimed across days within astay). Among SNF stays, per
diem costs are higher on average among hospital-based stays, however, total lengths of stay are
lower among these stays. Consequently, per stay costs are similar on average between hospital -
based and free-standing stays. Because of these patterns, SNF outlier policies based on average
daily costs result in higher outlier payments in general for hospital-based facilities relative to

free-standing ones. Because per stay payments and costs vary less by hospital-based/free-

g milarly, one could establish a cut-off between shorter and longer SNF stays, all ocate facilities to these 2 groups
(regardless of hospital-based/free-standing status), cal culate medians from these groups, and apply themin
calculating outlier payments for casesin these groups.
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standing status, however, per stay outlier policies are somewhat more neutral with respect to
hospital -based/free-standing status. Preferences between these approaches may depend in part
on one'sview of the rationality of the differing lengths of stays and costs among these facility
types. Appendices VII1.1 through V1I1.4 show the distribution of SNF total and NTA costs per

stay and per day.

E. Total Cost Outlier Policy Findings

Table VII1.2 shows summary statistics from the total cost outlier policy simulations,
using the “common median” loss-share calculation. For reference, the top panel of the table first
shows average RUG-111 payments per stay, average costs per stay, and the ratio of RUG-III
payments to costs, calculated across all SNF stays (rather than only those stays receiving outlier
payments). The rest of the top panel shows summary statistics regarding the outlier policies,
again calculated across all SNF stays. The bottom panel shows the summary statistics calculated

only across stays actually receiving outlier payments.
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Table VIII.2: Summary Statistics under Five Total Outlier Payment Policy Simulations

No Outlier Policy 1% 2% 3% 4% 5%

All stays:

Mean RUG-III payments per stay® 6,763

Mean costs per stay 7,083

Ratio of RUG-III payments to costs® 0.95

Fixed-loss amount n.a. 11,091 7,067 5255 4,162 3,408

Percent stays with outlier payments n.a. 15 3.7 6.4 9.3 125

Percent of total payments that are outlier paymentsb n.a. 1.0 2.0 2.9 3.8 4.8

Ratio of total payments to costs” n.a. 0.95 0.95 0.95 0.95 0.95

Mean outlier payment per stay n.a. 67 133 197 260 323
Stays with outlier payments:

Mean RUG-III payments per stay® n.a. 11,500 10,070 9,187 8,588 8,135

Mean costs per stay n.a. 28,465 21,720 18,314 16,184 14,634

Ratio of RUG-IIl payments to costs® n.a. 0.40 0.46 0.50 0.53 0.56

n.a.

Mean total payments per stayb n.a. 15,867 13,434 12,002 11,062 10,339

Ratio of total payments to costs” n.a. 0.56 0.62 0.66 0.68 0.71

Mean outlier payments per stay n.a. 4,481 3,562 3,083 2805 2,593

3“RUG-III” payments are existing PPS payments.
P“Total” payments are RUG-IIl payments plus outlier payments.

Summary Statistics
As seen on the top panel, under the five total cost outlier policy targets devel oped, fixed-
loss amounts range from an estimated $11,091 (1% policy) to $3,408 (5% policy), meaning that
a SNF receives outlier payments for stays with losses in excess of these values. As expected
given the stepsinvolved in determining fixed-loss amounts, the overall percent of total payments
paid as outlier paymentsis equal to or near the target percentages. The percent of stays receiving
outlier payments is higher than the percent of total payments paid out as outlier payments. The

differences between these two sets of percentagesis greater than the differences found in early
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outlier policy simulations under the acute hospital PPS (e.g., ProPAC 1987) and the inpatient
rehabilitation facility PPS (e.g., Carter, et al. 2002). This comparison with other provider groups
indicates that the SNF total cost distribution is somewhat more skewed than the acute hospital
and inpatient rehabilitation facility total cost distributions. Under the five SNF outlier policies,
outlier payments range from an average across all stays of $67 (1% policy) to $323 (5% policy).
Under each of the five total cost outlier policies, outlier payments are paid for stays that
otherwise would incur substantial losses. Thisis seen in the second panel of Table V111.2, which
shows average RUG-111 payments and costs of these stays and ratios of their RUG-111 payments
to costs. For example, under a 1% policy, the average outlier-eligible stay costs $28,465 but
receives only $11,500 in RUG-I11 payments absent an outlier policy payment.?” Under the
policies discussed here, the RUG-II1 payment-to-cost ratios range from 0.4 (1% policy) to 0.56
(5% policy) and ratios of total payments to costs improve substantialy, ranging from 0.56 (1%
policy) to 0.71 (5% policy). Asthe outlier target percentage increases, average outlier payment
per outlier declines. Thisis because the higher targets are identifying relatively less costly stays
asoutliers. Table VIII.3isacorollary to Table VIII.2. It shows the summary statistics from the
outlier policy simulations in which separate median covered day values are applied to hospital -
based and free-standing stays when determining outlier reimbursements for outlier-eligible stays.
Theresultsin these two tables are very similar. Thisis expected, because both present means of
the simulations across all stays, rather than by RUG-111 group or by facility characteristics. The
key differences to note are the lower fixed-loss amounts that are identified and applied in the

second methodology, and the lower average outlier payments made to those stays with outliers.

%" Note that RUG-111 payments absent an outlier policy and outlier payments do not sum to total payments under an
outlier policy. Thisis because of the reduction in RUG-I11 payments applied in the smulationsin order to fund the
outlier policy.
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The lower average payments reflect the application of lower thresholds and the impact of the
lower average losses among those stays now eligible for outlier payments under the second
methodology. Impacts of the second methodology are discussed more fully below, in the
findings of stays grouped by their facility characteristics.

Table VIII.3: Summary Statistics under Five Total Outlier Payment Policy Simulations, (Using
Alternative Loss-Share Methodology)

No Outlier Policy 1% 2% 3% 4% 5%

All stays:

Mean RUG-IIl payments per stay® 6,763

Mean costs per stay 7,083

Ratio of RUG-III payments to costs® 0.95

Fixed-loss amount n.a. 10,868 6,898 5,099 4,017 3,291
Percent stays with outlier payments n.a. 1.6 3.9 6.7 9.8 13.0
Percent of total payments that are outlier payments”  n.a. 1.0 2.0 2.9 3.9 4.8
Ratio of total payments to costs® n.a. 0.95 0.95 0.95 0.95 0.95
Mean outlier payment per stay n.a. 67 133 197 261 322

Stays with outlier payments:

Mean RUG-III payments per stay® n.a. 11,425 9,967 9,096 8,495 8,061
Mean costs per stay na. 28,087 21,379 18,015 15,890 14,417
Ratio of RUG-III payments to costs® n.a. 0.41 0.47 0.50 0.53 0.56
Mean total payments per stayb n.a. 15,614 13,167 11,768 10,832 10,157
Ratio of total payments to costs” n.a. 0.56 0.62 0.65 0.68 0.70
Mean outlier payments per stay n.a. 4,303 3,397 2,937 2,664 2480

Note: This table reflects outlier payment policy simulations that apply two separate median covered day values (by
hospital-based and free-standing status) when determining whether eligible per diem outlier costs are reimbursed at
80% of costs (for days up to the median) or at 60% of costs (for days beyond the median).

& “RUG-III” payments are existing PPS payments.
b“Total” payments are RUG-IIl payments plus outlier payments.
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Outlier Stay and Payment Percentages, by RUG-I11 Category

Table VI11.4 shows the percent of cases receiving outlier payments and the percent of
total payments paid as outlier payments under the five outlier policies, by RUG-III category.
The incidence of outliersis highest in the specia care category—ranging from 1.9% of all stays
(1% policy) to 12.6% of stays (5% policy). Under most of the five policies, the outlier payment
percentage is close to the outlier stay percentage. This pattern divergesin the rehabilitation
category under the 3%, 4%, and 5% policies, where the outlier stay percentage is aimost three
times higher than the outlier payment percentage. Under the 5% policy, for example, an
estimated 10.6% of rehabilitation category stays must receive outlier payments in order to spend
3.8% of total payments on outliers. This suggests that as the pool of available outlier funds
increases and the outlier eligibility threshold falls, the average loss on rehabilitation category
staysis much smaller than the average loss on stays in most of the other categories. This pattern
is also found to some degree in two RUG-I11 categories with very low rates of Medicare-covered
stays—impaired cognition and behavior problems only.

Table VIII.4: Outlier Stay and Payment Percentages under Five Total Outlier Payment
Policies, by RUG-III Category

Outlier Stay Percents Outlier Payment Percents
RUG-IIl Category 1% 2% 3% 4% 5% 1% 2% 3% 4% 5%
Rehabilitation 0.6 2.1 4.3 7.2 10.6 0.5 1.1 1.9 2.8 3.8
Extensive Services 1.3 3.0 4.7 6.7 8.6 1.8 3.6 5.3 6.8 8.3
Special Care 19 4.2 6.8 95 126 2.1 4.1 5.9 7.7 9.5
Clinically Complex 0.8 24 40 52 74 1.1 2.2 32 4.3 5.2
Impaired Cognition 00 0.0 0.6 08 24 0.0 00 0.2 0.5 0.9
Behavioral Problems 0.0 0.0 0.0 22 43 0.0 0.0 0.0 0.9 2.0

Reduced Physical Function 0.3 16 22 31 43 0.4 16 30 43 56
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We also examined these percentages by the forty-four RUG-111 groups (see Appendix
Exhibit VI11-6). Under each total cost outlier policy, the RUG-111 groups with the highest outlier
incidences are generaly rehabilitation low/B (RLB), special care/A (SSA), and extensive
services/3 (SE3). Under the five policies the outlier stay percentagesin RLB range from 4.8% to
24.5%, and range from roughly 2% to over 10% for both SSA and SE3. Relative to other
rehabilitation groups, high incidence in arehabilitation low group makes sense clinicaly, given
the inverse relationship found between patients’ need for or ability to withstand therapy and their
need for NTA services, and given the less controllable and predictable nature of NTA costs
compared with therapy costs.

Among the fourteen rehabilitation groups, the outlier payment percentages are
consistently lower than the outlier stay percentages. However among the RUG-III groupsin the
next three categories (extensive services, specia care, and clinically complex), the outlier
payment percentages are often higher than the stay percentages. Thisindicates that the average
loss on SNF staysin the rehabilitation groups is smaller than the average loss on stays in many of

the other RUG-I1II groups.

Outlier Stay and Payment Percentages, by Facility Characteristic

Tables V1I1.5 through V111.9 analyze the outlier policy simulations in terms of
characteristics of the SNFsin which stays occur. Stays are assessed in terms of six broad facility
characteristics: free-standing or hospital-based status; rural or urban status; ownership and
control status (non-profit, government, for-profit/chain-owned, or for-profit/ individually-
owned); facility size (0-49 Medicare-certified beds, 50-99 Medicare beds, and 100+ Medicare

beds); Medicare volume (9% or fewer patient days that are Medicare-covered days, >9%-15%
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Medicare days, >15%-25%; and >25%); and the nine Census divisions. Facility size and
M edicare volume groupings were identified based on examinations of the distribution of these

variablesin the 2001 data. (Appendix Table VI11.5 lists states by the nine Census divisions).

Table VI11.5 shows the outlier stay percentage and outlier payment percentage by these
characteristics under the common median approach. Outlier stays and payments are not
distributed evenly among various types of facilities. In particular, hospital-based SNFs, small
SNFs, and high volume SNFs (>25% Medicare days) have higher percentages of outlier stays
and payments than free-standing SNFs, larger facilities, and lower volume ones. Asour
project’s earlier descriptive analyses found, hospital-based SNFs account for a disproportionate
share of these facilities. (Our earlier analyses showed that hospital-based facilities account for
25% of SNFswith nineteen or fewer Medicare-certified beds and for 77% of SNFs with 25% or
more Medicare days). West South Central SNFs have higher percentages than other Census
divisions, followed by facilities in the West North Central and East South Central divisions. Mid-

Atlantic SNFs generally have the lowest percentages.
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Table VIII.5: Outlier Stay and Payment Percentages under Five Total Outlier
Payment Policies, by Facility Characteristics

Characteristic

Outlier Stay Percents

Outlier Payment Percents

1%

2%

3% 4% 5%

1% 2% 3% 4% 5%

All

Free Standing
Hospital Based

Rural
Urban

Non-profit

Government

For-profit
Chain
Non-chain

0-49 Medicare beds
50-99 Medicare beds
100+ Medicare beds

0%-9% Medicare days
10%-15% Medicare days
16%-25% Medicare days
>25% Medicare days

New England
Mid-Atlantic

South Atlantic

East North Central
East South Central
West North Central
West South Central
Pacific

Mountain

15

0.6
4.2

1.8
1.4

2.6
3.6
0.7
0.6
0.9

2.6
0.7
0.6

0.8
0.6
0.3
3.7

1.0
0.7
14
13
1.6
2.2
4.1
11
1.3

3.7

1.6

10.1 17.2

4.3
3.6

6.4
9.1
1.7
1.6
2.2

6.4
1.9
1.6

2.1
15
0.8
8.9

2.3
21
3.7
3.2
4.1
5.3
9.3
3.0
3.1

10.7
15.6

10.7

151

14.4

6.4 93 125

27 40 56
247 32.7

7.2 104
6.2 9.0

13.7
121

15,5 20.8
224 29.6
30 45 61
29 44 6.0
36 49 6.6

15.4 205
36 53 73
27 40 55

35 51 6.8
26 40 56
16 26 338
21.7 28.8

41 6.1 84
41 64 93
6.1 8.8 11.8
58 8.6 11.8
7.0 10.8 15.1
9.2 13.0 17.0
19.7 245
50 70 91
51 72 9.9

1.0 20 29 38 48
04 07 11 14 18
39 78 113 145 175

13 24 35 46 56
09 19 28 37 46

20 39 58 75 9.2
27 58 87 114 139
05 09 13 17 21
05 08 12 16 20
05 10 15 20 24

20 40 58 76 93
04 09 13 19 24
04 07 11 14 18

05 10 15 20 25
04 07 10 14 17
02 03 05 07 10
33 64 93 119 145

06 1.2 18 24 3.0
07 11 16 22 28
08 18 27 35 44
08 16 25 33 42
12 23 34 45 56
18 35 51 6.6 81

30 57 81 101 120
07 16 24 32 40
09 18 26 34 42
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Table VIII.6isthe corollary to this table, showing results from the alternative loss-share
calculation method. Under this approach, medians for hospital-based and free-standing facilities
were calculated separately (11 days and 21 days, respectively), and then applied in outlier
payment determinations for these two facility types. (Under the common median approach seen
on Table VIII.5, asingle median (18 days) was calculated across all SNF stays and applied in the
outlier payment determinations). Aswas seen on Table V11.3, fixed-loss amounts are lower
when using the separate median approach than the common median approach. Lower fixed-loss

amounts allow a greater number of staysto be eligible for outlier compensation.
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Table VIII.6: Outlier Stay and Payment Percentages under Five Total Outlier
Payment Policies, by Facility Characteristics (Using the “Separate Median”
Loss-Share Methodology)

Outlier Stay Percents

Outlier Payment Percents

Characteristic 1% 2% 3% 4% 5% 1% 2% 3% 4% 5%
All 1.7 44 76 108 142 10 20 29 38 48
Free Standing 07 1.8 32 47 64 05 09 13 17 21
Hospital Based 48 120 203 288 373 36 72 104 135 16.3
Rural 21 51 84 120 155 12 24 35 46 56
Urban 16 42 73 105 139 09 19 28 37 46
Non-profit 30 7.6 127 181 238 19 37 55 72 89
Government 43 10.6 18.3 26.0 33.6 26 55 82 108 13.2
For-profit 08 20 36 52 70 05 10 14 19 23

Chain 0.7 19 35 51 6.9 05 09 13 18 22

Non-chain 10 24 38 54 71 06 12 18 23 28
0-49 Medicare beds 3.0 75 12.7 180 234 20 39 57 74 90
50-99 Medicare beds 08 23 43 6.3 84 04 09 14 20 25
100+ Medicare beds 07 18 32 47 63 04 08 12 16 20
0%-9% Medicare days 09 24 41 58 77 05 11 17 23 238
10%-15% Medicaredays 0.7 18 32 47 65 04 08 12 16 20
16%-25% Medicare days 0.3 10 20 3.1 45 02 04 06 08 11
>25% Medicare days 42 106 179 253 328 31 60 87 113 136
New England 1.2 27 49 72 99 06 13 19 25 31
Mid-Atlantic 08 27 51 7.7 108 07 12 18 24 30
South Atlantic 1.7 43 7.2 102 135 08 18 27 35 44
East North Central 15 38 6.9 10.1 135 08 17 26 35 44
East South Central 19 48 84 129 172 11 22 32 43 54
West North Central 26 6.4 107 152 193 17 33 49 64 7.8
West South Central 47 10.7 165 221 272 29 655 78 98 116
Pacific 15 35 58 85 11.3 09 18 26 34 42
Mountain 1.3 35 58 81 105 07 15 23 31 38

Note: The appendix tables reflect outlier policy simulations that apply two separate median covered
day values (by hospital-based and free-standing status) when determining whether eligible per diem
outlier costs are reimbursed at 80% of costs (for days up to the median) or at 60% of costs (for days

beyond the median)
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Comparing Tables VI11.5 and VI11.6 indicates that the separate median outlier policy
approach reaches a greater number of SNF stays both overall and by each facility type. For
example, under the 5% outlier policy, 14.2% of all stays receive outlier payments under the
separate median approach compared to 12.5% under the common median approach. Among
free-standing facility stays, 6.4% of stays receive outlier payments under the separate median
approach compared to 5.6% under the other approach. Among hospital-based facility stays,
37.3% of staysreceive outlier payments under the separate median approach versus 32.7% under
the other approach. Again, the lower fixed-loss amount enables these outlier stay sharesto be

greater under the separate median approach.

In terms of the percent of total (RUG-111 plus outlier) payments paid out as outlier
compensation, a comparison of TablesVII1.5 and V1I11.6 shows that these percentages are higher
among free-standing facilities under the separate median approach, and are lower among
hospital-based facilities under the separate median approach. This means that under the separate
median approach (compared to the common median approach), average outlier payments are
higher for free-standing facility stays and are lower for hospital-based facility stays. 1n essence,
the lower outlier payments made to hospital-based facilities under the separate median approach
create opportunities to provide outlier compensation to a greater share of both free-standing and
hospital-based stays. This pattern is also seen by two facility characteristics highly correlated

with free-standing facilities— propriety facilities and facilities with lower Medicare volume.
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Outlier Payments per Stay, by Facility Characteristic

Table VII1.7 shows the average outlier payment amount calculated across all stays under
the five total cost policies, by facility characteristics, under the common median approach.
Overall, average outlier payments under these policies range from $67 (1% policy) to $323 (5%
policy). Average outlier payments differ by facility type. In particular, markedly higher
average payments are made to stays in SNFs that are hospital-based, non-profit, government-
owned, small in terms of bed number, have high Medicare volume shares, and are in the West
South Central states. As noted above, a disproportionate share of facilities across these
characteristics are hospital-based. Under a 1% outlier policy, average outlier payments for stays
in SNFs with these characteristics are $112-$177. Under a 5% policy, average payments in these
SNFs are $545-$878. Among stays in SNFsthat are free-standing, for-profit, larger in size, or
have lower Medicare volume, average payments are about $30-$77 under the 1% policy and

about $144- $458 under the 5% policy.
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Table VIII.7: Average Outlier Payments Across all Stays under Five Total
Outlier Payment Policies, by Facility Characteristics

Average Outlier Payments per Stay

Characteristic 1% 2% 3% 4% >%
All 67 133 197 260 323
Free-standing 30 55 81 107 134
Hospital Based 177 361 537 709 878
Rural 77 148 215 279 342
Urban 64 129 192 255 318
Non-profit 112 226 337 444 551
Government 137 301 456 608 758
For-profit 35 64 93 122 152

Chain 34 62 90 118 148

Non-chain 37 74 110 143 175
0-49 Medicare beds 115 228 336 441 545
50 -99 Medicare beds 31 63 97 133 169
100+ Medicare beds 30 58 85 112 140
0% -9% Medicare days 31 65 99 132 166
10%-15% Medicare days 29 53 79 104 131
16%-25% Medicare days 15 28 43 59 77
>25% Medicare days 164 326 481 633 781
New England 48 93 137 181 228
Mid-Atlantic 49 83 122 165 211
South Atlantic 54 118 179 238 296
East North Central 53 108 164 222 282
East South Central 73 141 208 277 349
West North Central 100 195 286 373 458
West South Central 172 338 485 616 738
Pacific 52 114 174 233 289
Mountain 56 115 168 219 269

229



Table VII1.8isthe corollary to Table VI11.7, and shows average outlier payments
(calculated across all stays) under the separate median approach. Comparing Tables VII1.7 and
V111.8 shows that average outlier payments are higher for free-standing facility stays under the
separate median approach (e.g., $159 per stay, 5% policy) than under the common median
approach ($134 per stay, 5% policy), and payments are slightly lower for hospital-based stays
($804 per stay, 5% policy) under the separate median approach compared to the common median
approach ($878 per stay, 5% policy). Average payments also are dightly higher among staysin
proprietary facilities and those with lower Medicare volume shares. Across the remaining
characteristics, average outlier payments are very similar under the two loss-share

methodol ogies.
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Table VIII.8: Average Outlier Payments Across all Stays under Five Total Outlier Payment
Policies, by Facility Characteristics (Using the “ Separate Median” Loss-Share
Methodology)

Average Outlier Payments per Stay

Characteristic 1% 2% 3% 4% 5%
All 67 133 197 260 323
Free Standing 35 66 97 128 159
Hospital Based 163 329 491 649 804
Rural 75 147 214 279 342
Urban 65 129 193 255 317
Non-profit 108 216 322 424 526
Government 130 282 430 574 715
For-profit 38 71 104 137 169

Chain 37 68 99 130 162

Non-chain 46 91 133 169 205
0 -49 Medicare beds 113 223 328 430 530
50-99 Medicare beds 32 66 103 140 178
100+ Medicare beds 32 62 92 121 151
0%-9% Medicare days 35 76 115 153 190
10%-15% Medicare days 33 64 93 123 154
16%-25% Medicare days 16 32 49 68 88
>25% Medicare days 156 305 450 591 729
New England 48 96 142 189 237
Mid-Atlantic 54 91 132 176 223
South Atlantic 53 118 179 238 296
East North Central 57 114 173 232 292
East South Central 70 134 199 267 338
West North Central 96 184 273 359 440
West South Central 167 325 467 594 709
Pacific 51 109 167 221 274
Mountain 56 116 170 221 273

Note: The appendix tables reflect outlier policy simulations that apply two separate median covered day values (by
hospital-based and free-standing status) when determining whether eligible per diem outlier costs are reimbursed at
80% of costs (for days up to the median) or at 60% of costs (for days beyond the median).
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Ratio of Total Paymentsto Costs, by Facility Characteristic

Table VI11.9 shows ratios of total payments to costs per stay under the five outlier
policies, by facility characteristic, using the common median method of determining outlier
payment amounts. Total payments include the outlier compensation made to eligible stays plus
the regular RUG-I11 payments, and account for budget-neutrality reductions made to the base
PPS payment rates. The base rate reductions apply to all SNF stays, and are necessary for
financing the outlier payments. For comparison, ratios of RUG-111 payments to costs are shown.
The RUG-I11 payment-to-cost ratios refer to payments made assuming no outlier policy is

applied, and thus do not include any outlier payment or base PPS payment rate reductions.
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Table VIII.9: Ratios of Total Payments to Costs under Five Total Outlier Payment Policies by
Facility Characteristics

Ratio of RUG-111 Payments to Costs per Say Ratio of Total Payments to Costs per Stay
Characteristic No Outlier Policy
1% 2% 3% 4% 5%
All 0.95 0.95 0.95 0.95 0.95 0.95
Free-standing 1.08 1.08 1.07 1.06 1.06 1.05
Hospital Based 0.59 0.61 0.63 0.65 0.67 0.68
Rural 0.94 0.94 0.94 0.94 0.94 0.95
Urban 0.96 0.96 0.96 0.96 0.96 0.96
Non-profit 0.78 0.79 0.79 0.80 0.81 0.82
Government 0.68 0.69 0.71 0.72 0.74 0.75
For-profit 1.09 1.08 1.07 1.07 1.06 1.06
Chain 1.09 1.08 1.08 1.07 1.07 1.06
Non-chain 1.07 1.06 1.06 1.05 1.05 1.04
0-49 Medicare beds 0.80 0.81 0.81 0.82 0.83 0.84
50 -99 Medicare beds 1.05 1.05 1.04 1.04 1.03 1.03
100+ Medicare beds 1.09 1.08 1.08 1.07 1.06 1.06
0% -9% Medicare days 1.06 1.05 1.05 1.04 1.04 1.03
10%-15% Medicare days 1.09 1.08 1.08 1.07 1.06 1.06
16%-25% Medicare days 1.12 1.11 1.10 1.09 1.08 1.08
>25% Medicare days 0.66 0.67 0.69 0.70 0.72 0.73
New England 1.02 1.02 1.01 1.01 1.01 1.00
Mid-Atlantic 0.99 0.99 0.98 0.98 0.98 0.97
South Atlantic 0.97 0.96 0.96 0.96 0.96 0.96
East North Central 0.95 0.95 0.95 0.95 0.95 0.95
East South Central 0.93 0.93 0.93 0.93 0.93 0.93
West North Central 0.86 0.86 0.87 0.88 0.88 0.89
West South Central 0.80 0.82 0.84 0.85 0.86 0.87
Pacific 1.02 1.02 1.02 1.02 1.02 1.01
Mountain 0.97 0.97 0.97 0.97 0.97 0.96
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Overadll, the average payment-to-cost ratio (PCR) remains 0.95, regardless of the
application of an outlier policy. Average PCRsvary by facility characteristic, however, when
outlier policies are applied. The largest positive impact on average PCRs is seen for hospital-
based SNFs, non-profit or government facilities, high Medicare volume SNFs, and facilitiesin
the West South Central states. The average PCR for hospital-based SNFs rises from 0.59 under
no outlier policy to 0.68 under a 5% policy. For high-volume SNFs, average PCRs rise from
0.66 under no outlier policy to 0.73 under the 5% policy. These findings are consistent with the
higher average outlier payment amounts seen in Table V111.7 for staysin these facilities. In
contrast, average PCRs remain positive but decline somewhat for facilities that are free-standing,
for-profit, large in terms of bed number, and have lower Medicare volume shares. Among these
facilities, average PCRs decline from between 1.07 and 1.12 under no outlier policy to between
1.03 and 1.08 under a 5% outlier policy. Thisindicates that for these facilities, reductions made
to the base PPS payment rates to permit budget neutrality have a greater (and negative) impact

than the outlier payments themselves.

Changes in average PCRs that occur when applying the separate median method rather
than the common median method are not shown, because the changes are negligible. The largest
impact of the separate median method is seen for the PCR of hospital-based SNFs. Thisratio
falls under the 5% outlier policy from 0.68 under the common median method to 0.67 under the

separate median method (not shown).
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F. NTA Cost Outlier Policy Findings

In this section, the eight NTA cost policies are analyzed and compared. Comparisons
across NTA cost policies alone (or across total cost policies aone) are particularly useful if one
approach is clearly more desirable in principle over the other. The section following this
(Section G) highlights two particular total cost and NTA cost policies that appear to be the most
analogous to each other, compares them, and suggests tentative overall conclusions regarding
outlier policies under the RUG-111 SNF PPS. Comparisons within an outlier policy approach
(i.e., within only total cost or only NTA cost policies) and across these approaches are useful as
well, if policymakers are neutral in principle with respect to the two approaches. As noted
above, the total cost outlier policies are designed based on percents of total SNF costs, while the
NTA cost policies are designed based on percent of costs only for NTA services. Under our
NTA cost policies, NTA outlier compensation is conditional on a stay’ stotal costs exceeding its
total PPS payments. In our data, among NTA stays not meeting this condition, RUG-II1

payments exceed total costs by arange of 12% to 18%.

Tables V111.10 through VI11.17 present the same analyses of NTA cost outlier policies as
are seen in Tables V111.2 through VI11.9 above for total cost policies, except that mainly three
NTA outlier targets are analyzed. The 15% NTA target is presented because it meets the policy
guideline used in some payment systems of providing outlier compensation to 10% of cases.
The 5% target is presented because it is the target closest to the “ 10% share” guideline from
among the group of lower target percentages seen in Medicare' s other PPSs. The 10% target is
presented because it shows a mid-range policy between the 5% and 15% targets. (Appendix
Exhibits VI11.7 through V111.13 show results for each of the eight NTA outlier policies

simulated).
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Summary Statistics

Under the eight NTA cost outlier policy targets devel oped, fixed-loss amounts range
from a high of $10,956 in NTA costs (1% policy) to alow of $1,096 (16% policy), meaning that
a SNF recelves NTA outlier payments for stays with losses in excess of these levelsof NTA
costs. As expected given the steps involved in determining fixed-loss amounts, the overall
percent of total payments paid as outlier paymentsis equal to or at least near the target
percentages. Unlikein the total cost policies (Table VII1.2), however, the percent of stays
receiving NTA outlier paymentsislower than the percent of NTA payments distributed as NTA
outlier payments. Thisreflects the fact that the SNF NTA cost distribution is more skewed than
the SNF total cost distribution. Under the eight NTA outlier policies, outlier payments range

from an average across all SNF stays of $11 (1% policy) to $153 (16% policy).
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Table VIII.10: Summary Statistics under Eight NTA Outlier Payment Policy Simulations

No Outlier Policy 1% 2% 3% 4% 5% 10% 15% 16%

All stays:
Mean RUG-IIl payments per stay® 6,763
Mean costs per stay 7,083
Ratio of RUG-IIl payments to costs® 0.95
Fixed-loss amount n.a. 10,956 7,168 5,512 4,477 3,760 1,948 1,177 1,096
Percent stays with outlier paymen'[sb n.a. 0.3 0.7 1.2 1.7 2.3 5.8 10.0 10.7
Percent of total payments that are outlier payments”  n.a. 1.0 2.0 2.9 3.9 4.8 9.2 13.2 13.8
Ratio of total payments to costs n.a. 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.95
Mean outlier payment per stay n.a. 11 22 32 42 53 101 146 153

Stays with outlier payments:

Mean RUG-IIl payments per stay® na. 14,703 12,519 11,496 10,844 10,230 8,410 7,354 7,224
Mean costs per stay na. 34,703 26,995 23534 21,606 19,929 15,199 12,670 12,387
Ratio of RUG-IIl payments to costs® n.a. 0.42 0.46 0.49 0.50 0.51 0.55 0.58 0.58
Mean total payments per stay” n.a. 18,968 15516 14,074 13,231 12,410 10,018 8,646 8,482
Ratio of total payments to costs® n.a. 0.55 0.57 0.60 0.61 0.62 0.66 0.68 0.68
Mean outlier payments per stay na. 4,292 3,041 2638 2460 2,264 1,739 1,454 1,425

4 “RUG-III" payments are existing PPS payments.
P “Total” payments are RUG-IIl payments plus outlier payments.

The second panel of the table shows that NTA outlier payments substantially improve the
ratio of payments to costs compared with ratios under a SNF PPS without outlier payments.
Absent any NTA outlier policy (i.e., absent any outlier payments or corresponding base-rate
reductions), RUG-111 payment-to-cost ratios for the stays that would receive outlier payments
under the eight NTA policies range from 0.42 (1% policy) to 0.58 (16% policy). Thisincrease
indicates that costs are much higher, relative to RUG-I11 payments, among the very top of the
outlier distribution (stays affected by a 1% policy), than among stays further down the outlier
distribution. With the NTA outlier payments, payment-to-cost ratios increase and range from
0.55 (1% policy) to 0.68 (16% policy). Payment-to-cost ratios under the total cost policies

(Table V1I1.2) were lower than these ratios absent the outlier payments, and higher than these
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ratios with outlier payments. Finally, the last row of the table shows that, as expected, average
outlier payments per outlier case declines as the target increases. Despite the much smaller
levels of funds available for outlier compensation in NTA cost policies than total cost policies,
the average outlier payments are in the same general range across the two policy approaches.
This feature, along with the relatively small percentages of stays receiving NTA outlier

payments, is areflection of the relatively skewed distribution of SNF NTA costs.

Table VIll.11 isacorollary to Table VI11.10, showing summary statisticsfor NTA outlier
payments derived using the “ separate median” method for hospital-based versus free-standing
SNFswhen calculating outlier compensation. Comparing Tables V111.10 and VI11.11 suggests
the two loss-share approaches result in less of adifference regarding NTA cost policies than
regarding the total cost policies (TablesVII1.2 and V1I11.3). For example, the NTA fixed-loss
amounts and average NTA outlier payments per stay are roughly comparable under the two loss-
share approaches. The separate median approach resultsin slightly lower NTA fixed-loss
amounts ($3,717 versus $3,760 under a 5% target) and lower average outlier payments made to
those stays with outliers ($2,229 versus $2,264 under a 5% target). The lower average payments
reflect the application of lower thresholds and the impact of the lower average losses among

these stays now eligible for outlier payments under the second methodology.
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Table VIII.11: Summary Statistics under Eight NTA Outlier Payment Policy Simulations (Using the
“Separate Median” Loss-Share Methodology)

No Outlier Policy 1% 2% 3% 4% 5% 10% 15% 16%

All stays:

Mean RUG-IIl payments per stay® 6,763

Mean costs per stay 7,083

Ratio of RUG-IIl payments to costs® 0.95

Fixed-loss amount n.a. 10,922 7,135 5,464 4,436 3,717 1,921 1,170 1,062
Percent stays with outlier payments® n.a. 0.3 0.7 1.2 1.8 2.4 5.9 10.1 11.0

Percent of total payments that are outlier payments®  n.a. 1.0 2.0 2.9 3.9 4.8 9.1 13.0 1338

Ratio of total payments to costs n.a. 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.95

Mean outlier payment per stay n.a. 11 22 32 42 53 100 144 153

Stays with outlier payments:

Mean RUG-IIl payments per stay® n.a. 14,643 12,523 11,480 10,798 10,200 8,379 7,339 7,169
Mean costs per stay n.a. 34,491 26,979 23,466 21,497 19,846 15,115 12,641 12,261
Ratio of RUG-IIl payments to costs® n.a. 0.42 0.46 0.49 0.50 0.51 0.55 0.58 0.58
Mean total payments per stayb n.a. 18,840 15,504 14,025 13,144 12,345 9,950 8,606 8,390
Ratio of total payments to costs® n.a. 0.55 0.57 0.60 0.61 0.62 0.66 0.68 0.68
Mean outlier payments per stay n.a. 4,224 3,025 2,604 2418 2,229 1,699 1,426 1,387

Note: This table reflects outlier payment policy simulations that apply two separate median covered day values (by hospital-based and free-standing
status) when determining whether eligible per diem outlier costs are reimbursed at 80% of costs (for days up to the median) or at 60% of costs (for
days beyond the median).

& “RUG-III” payments are existing PPS payments.
b “Total” payments are RUG-IIl payments plus outlier payments.

Outlier Stay and Payment Percentages, by RUG-I11 Category

Table VI11.12 shows, by RUG-I1II category, the percent of staysreceiving NTA outlier
payments and the percent of NTA payments paid out as NTA outlier payments under the three
NTA cost policies we highlight. Across all three policies, theincidence of NTA outlier-
compensated stays is highest in the specia care category, ranging from 4.3% of stays (5%
policy) to 17.6% of stays (15% policy). Under the total cost policies discussed above, the share
of payments paid out as outlier compensation is generally in the range of the share of stays

receiving outlier compensation (e.g., see Table VII1.4). These percentages diverge under NTA
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cost policies, reflecting the more skewed nature of NTA costs and the fact that a smaller share of
stays deplete the NTA target. This pattern of stay percentages being smaller than payment

percentages under NTA policies is consistent across the RUG-111 categories.”®

Table VIII.12: Outlier Stay and Payment Percentages under Three NTA Outlier
Payment Policies, by RUG-III Category

Outlier Stay Percents Outlier Payment Percents
RUG-IIl Category 5% 10% 15% 5% 10% 15%
Rehabilitation 1.2 3.9 7.9 25 6.4 11.1
Extensive Services 3.0 7.2 12.5 104 20.6 30.9
Special Care 4.3 104 17.6 175 33.9 50.0
Clinically Complex 1.9 5.0 10.1 8.8 18.2 28.4
Impaired Cognition 0.0 14 4.7 0.0 4.6 131
Behavioral Problems 0.0 2.2 4.3 0.0 2.4 15.8
Reduced Physical Function 0.2 1.6 5.5 0.6 7.7 20.9

Note: Based on RUG-III assignments that reflect 75 percent or more of a stay. This restriction was
used to allow outlier results associated with a RUG-III group to reflect stays that are generally
characterized by that RUG-III assignment. Results for eight RUG-III groups are based on extremely
small (n<30) sample sizes: IB2, IA2, BB1, PE2, PD2, PC2, PB2, PA2.

An examination of the outlier stay percentages by the forty-four RUG-111 groups
(Appendix Exhibit V111.8) indicates that the rehabilitation low-B (RLB) group consistently
incurs the highest incidence of NTA outlier-compensated cases. This pattern is consistent with
prior analyses under this project and by other research suggesting that stays with minimal
rehabilitation costs and high NTA costs are classified by providersin the low and medium

rehabilitation groups, in order to receive the highest possible RUG-I11 payments for these cases.

% Under thetotal cost policies (from Table V111.4), this pattern diverges somewhat in the rehabilitation category.
Total cost policy outlier stay percentages for the simulations of 2%-5% are 2-3 times higher than the outlier
payment percentages. Asthe pool of available total cost outlier funds increased and the outlier-eligibility threshold
fell, the average total loss on rehabilitation category stays was much smaller than the average total loss on staysin
most of other RUG-III categories.
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In contrast, under the total cost policies relatively high incidence was seen in three RUG-I I
groups. RLB, special care-A (SSA), and extensive services-3 (SE3). Asthe NTA outlier target
increases, the NTA outlier stay incidences in the extensive services and special care groups begin

to approach the incidence seen in RLB.

Outlier Stay and Payment Percentages, by Facility Characteristic

Tables V111.13 through V111.17 show the impact of the NTA cost outlier policies by
facility characteristic. Table VI111.13 shows the percent of stays receiving outlier payments and
the percent of total payments paid out as outlier compensation under the common median
approach. Aswas seen in thetotal cost outlier policy findings aswell, NTA outlier stays and
payments are not distributed evenly across facilities. For example, SNFs that are hospital-based,
small in terms of bed number, and have high Medicare volume have higher percentages of outlier
stays and payments than free-standing SNFs, larger facilities, and lower Medicare volume ones.
Also as seen under the total cost policies, SNFsin the West South Central and East South Central
regions have the highest percentages of NTA outlier stays and payments. In many cases, the

patterns by facility characteristic become more pronounced under the larger NTA outlier targets.
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Table VIII.13: Outlier Stay and Payment Percentages under Three NTA Outlier

Payment Policies, by Facility Characteristics

Outlier Stay Percents

Outlier Payment Percents

Characteristic 5% 10% 15% 5% 10% 15%
All 2.3 5.8 10.0 4.8 9.2 13.2
Free Standing 1.7 4.0 6.7 3.4 6.2 8.9
Hospital Based 4.2 11.3 19.8 11.2 21.4 29.8
Rural 2.6 6.3 10.9 5.7 10.4 14.7
Urban 2.3 5.7 9.8 4.6 8.9 12.9
Non-profit 2.9 7.6 13.5 6.5 12.8 18.5
Government 3.6 9.7 17.2 8.1 16.3 23.4
For-profit 1.9 4.4 7.4 3.8 7.0 9.9
Chain 1.9 4.6 7.6 3.9 7.2 10.2
Non-chain 1.6 3.8 6.3 3.2 6.0 8.6
0-49 Medicare beds 3.0 7.8 13.7 6.7 13.1 19.0
50-99 Medicare beds 2.0 4.8 8.0 4.3 7.8 111
100+ Medicare beds 1.6 3.9 6.6 3.1 5.9 8.5
0%-9% Medicare days 1.7 3.9 6.8 4.1 7.1 9.9
10%-15% Medicare days 1.7 4.0 6.9 3.0 5.8 8.5
16%-25% Medicare days 1.7 4.0 6.8 3.5 6.3 8.8
>25% Medicare days 3.8 10.1 17.7 9.2 18.2 25.8
New England 1.3 3.4 6.5 2.2 4.7 7.5
Mid-Atlantic 1.8 4.6 8.4 3.4 6.7 9.9
South Atlantic 2.4 5.8 9.8 4.3 8.7 12.7
East North Central 2.1 5.1 8.9 4.8 8.8 125
East South Central 2.1 5.4 9.7 6.0 10.1 14.0
West North Central 2.5 6.3 11.3 5.9 11.3 16.2
West South Central 4.8 11.8 19.2 10.0 185 25.4
Pacific 2.3 5.9 9.9 5.0 9.7 14.2
Mountain 2.3 6.0 10.2 4.2 8.9 13.3
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Table VI11.14 isthe corollary to Table V111.13, showing outlier stay and payment
percentages under the separate median approach to determining outlier payments. Under each of
the total cost policies, the separate median approach had resulted in higher shares of stays
receiving payments and generally in slightly lower shares of total payments paid out as outlier
compensation (Table VI11.6). Among the NTA cost policies, however, the outlier stay and

payment percentages vary much less between the two |loss-share approaches.
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Table VIII.14: Outlier Stay and Payment Percentages under Three NTA Outlier Payment
Policies, by Facility Characteristics (Using the “Separate Median” Loss-Share
Methodology)

Outlier Stay Percents Outlier Payment Percents
Characteristic 5% 10% 15% 5% 10% 15%
All 2.4 5.9 10.1 4.8 9.1 13.0
Free-Standing 1.7 4.0 6.7 3.4 6.4 9.0
Hospital Based 4.3 11.4 19.9 10.8 20.6 28.7
Rural 2.6 6.4 10.9 5.6 10.3 14.4
Urban 2.3 5.8 9.9 4.6 8.8 12.7
Non-profit 3.0 7.7 13.6 6.3 12.5 18.0
Government 3.6 9.8 17.3 7.8 15.7 22.5
For-profit 1.9 4.5 7.4 3.9 7.1 10.0
Chain 1.9 4.6 7.6 4.0 7.3 10.2
Non-chain 1.6 3.9 6.4 3.2 6.1 8.7
0 -49 Medicare beds 3.0 7.9 13.7 6.6 12.9 18.4
50 -99 Medicare beds 2.1 4.9 8.1 4.4 7.9 11.1
100+ Medicare beds 1.6 3.9 6.6 3.2 6.0 8.5
0% -9% Medicare days 1.7 4.0 6.8 4.1 7.2 10.0
10%-15% Medicare days 1.7 4.1 6.9 3.1 5.9 8.6
16%-25% Medicare days 1.8 4.1 6.9 3.6 6.4 8.9
>25% Medicare days 3.9 10.3 17.8 8.9 17.6 24.9
New England 13 34 6.6 2.2 4.8 7.5
Mid-Atlantic 1.8 4.7 8.4 3.5 6.8 9.9
South Atlantic 25 5.9 9.8 4.4 8.7 12.6
East North Central 2.1 5.2 8.9 4.8 8.8 12.4
East South Central 2.1 5.4 9.8 5.9 9.9 13.6
West North Central 2.5 6.5 11.3 5.9 11.1 15.8
West South Central 4.9 12.0 19.2 9.8 18.1 24.7
Pacific 2.3 6.0 10.2 5.0 9.6 13.9
Mountain 2.3 6.1 10.0 4.2 8.9 13.2
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Thus, the findings suggest that in terms of the percent of stays receiving outlier
compensation, the separate median approach is worth considering if atotal cost outlier policy is
preferred. However the separate median approach make little difference in the case of NTA cost
policies.

Outlier Payments per Stay, by Facility Characteristic

Table VII1.15 illustrates average NTA outlier payment amounts, calculated across all
stays under the NTA cost outlier policies, under the common median approach and by facility
characteristic. Average NTA outlier payments are over twice as large for hospital-based
facilities relative to free-standing ones. Average NTA payments are 1.2 to 1.8 times higher for
facilities that are non-profit, government-owned, small in terms of bed number, high Medicare
volume share, and in the West South Central states. As noted earlier, a disproportionate share of

facilities across these characteristics are hospital-based.
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Table VIII.15: Average Outlier Payments Across all Stays under Three
NTA Outlier Payment Policies, by Facility Characteristics

Average Outlier Payments per Stay

Characteristic >% 10% 15%
All 53 101 146
Free-standing 41 74 104
Hospital Based 87 180 268
Rural 57 105 148
Urban 51 100 145
Non-profit 62 125 185
Government 69 145 218
For-profit 46 83 117
Chain 48 86 121
Non-chain 37 69 97
0-49 Medicare beds 63 127 187
50 -99 Medicare beds 51 92 128
100+ Medicare beds 39 73 103
0% -9% Medicare days 46 79 109
10%-15% Medicare days 37 71 101
16%-25% Medicare days 46 81 113
>25% Medicare days 77 160 239
New England 26 56 87
Mid-Atlantic 43 82 120
South Atlantic 47 95 137
East North Central 52 96 135
East South Central 61 103 142
West North Central 54 104 150
West South Central 99 193 276
Pacific 59 116 170
Mountain 42 91 136

246



Table VI11.16 isthe corollary to Table V111.15, and shows average NTA outlier payments
under the separate median approach. Aswas seen under the total cost policies aswell, these NTA
cost policy findings show a pattern of higher outlier payments to SNFs that are free-standing,
proprietary, and have lower Medicare volume shares, and lower outlier payments for hospital-
based facilities under the separate median approach when compared with the common median
approach. However, the differences resulting from the two loss-sharing approaches are much

smaller, and in some cases negligible, under the NTA cost policies.
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Table VIII.16: Average Outlier Payments Across all Stays under Three
NTA Outlier Payment Policies, by Facility Characteristics (Using the
“Separate Median” Loss-Share Methodology)

Average Outlier Payments per Stay

Characteristic 5% 10% 15%
All 53 100 144
Free-standing 42 76 106
Hospital Based 84 172 255
Rural 56 104 146
Urban 51 100 143
Non-profit 60 122 179
Government 66 139 207
For-profit 47 85 118
Chain 49 88 122
Non-chain 29 71 99
0-49 Medicare beds 62 124 181
50 -99 Medicare beds 52 93 128
100+ Medicare beds 40 74 104
0%-9% Medicare days 47 81 110
10%-15% Medicare days 38 72 103
16%-25% Medicare days 47 83 114
>25% Medicare days 74 154 228
New England 27 57 87
Mid-Atlantic 43 83 120
South Atlantic 47 95 136
East North Central 53 96 134
East South Central 60 101 139
West North Central 53 101 145
West South Central 96 187 266
Pacific 59 115 167
Mountain 43 91 135
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Ratio of Total Paymentsto Costs, by Facility Characteristic

Table VI11.17 shows average ratios of total payments to total costs per stay under the
NTA cost policies, using the common median approach. We show ratios of total payments to
total costs, since ratios of acomponent of payments and costs are not as relevant for assessing
the overall impact of outlier policies on facilities. For reference, the first column of the table
shows ratios of RUG-I11 payments to total costs (i.e., in which no outlier policy is applied).
Under the total cost policies (Table V1I1.9), the findings had shown that outlier policies increase
the payment-to-cost ratios for hospital-based facilities and actually decrease them for free-
standing facilities. Asthistable shows, under the NTA cost policies the payment-to-cost ratio

increases for hospital-based facilities but does not decrease for free-standing ones.
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Table VIII.17: Ratios of Total Payments to Costs under Three NTA OQutlier
Payment Policies, by Facility Characteristics

Ratio of RUG-III
Payments to Costs per Ratio of Total NTA Payments to Costs
Stay per Stay

Characteristic No Outlier Policy 5% 10% 15%
All 0.95 0.95 0.95 0.95
Free-standing 1.08 1.08 1.08 1.08
Hospital Based 0.59 0.60 0.61 0.62
Rural 0.94 0.94 0.94 0.94
Urban 0.96 0.96 0.96 0.96
Non-profit 0.78 0.78 0.78 0.79
Government 0.68 0.68 0.69 0.69
For-profit 1.09 1.08 1.08 1.08

Chain 1.09 1.09 1.09 1.08

Non-chain 1.07 1.06 1.06 1.06
0-49 Medicare beds 0.80 0.80 0.80 0.81
50 -99 Medicare beds 1.05 1.05 1.05 1.05
100+ Medicare beds 1.09 1.09 1.08 1.08
0%-9% Medicare days 1.06 1.06 1.05 1.05
10%-15% Medicare days 1.09 1.09 1.08 1.08
16%-25% Medicare days 1.12 1.12 1.11 1.11
>25% Medicare days 0.66 0.66 0.67 0.68
New England 1.02 1.02 1.01 1.01
Mid-Atlantic 0.99 0.99 0.99 0.99
South Atlantic 0.97 0.97 0.97 0.97
East North Central 0.95 0.95 0.95 0.95
East South Central 0.93 0.93 0.93 0.93
West North Central 0.86 0.86 0.86 0.86
West South Central 0.80 0.81 0.82 0.82
Pacific 1.02 1.02 1.02 1.02
Mountain 0.97 0.97 0.97 0.97
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When comparing the payment-to-cost ratios of atotal cost policy and an NTA cost policy
of roughly comparable target sizes— the 3% total cost policy (Table VI11.9) and the 15% NTA
cost policy — the findings indicate that the total cost policy improves the ratios more so than the
NTA cost policy for facilities that are hospital-based, non-profit, government-owned, small in
terms of bed number, and have high Medicare volume shares. The NTA policy improves the
ratios relatively more (or reduces the positive ratios less) for free-standing SNFs, for-profit
facilities, larger facilities, and lower Medicare volume SNFs.

G. Additional Comparisons between Total and NTA Policy Approaches

Thisfinal section of the chapter presents additional comparisons between the total cost
outlier approach and the NTA cost outlier approach, and offers overall comments and
explanations regarding the two approaches. We first describe the “overlap” of the number of
stays receiving outlier compensation under the two approaches. In amore detailed illustration,

we next compare total and NTA policies that each compensate 10% of SNF stays.

Overlap of Stays Receiving Outlier Compensation under Total and NTA Policies

Table VI11.18 shows the percent of SNF stays that receive outlier compensation under
each of the three NTA cost policies that also receive outlier compensation under each of the five

total policy simulations.
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Table VIII.18: Percent of Stays Receiving Outlier Payments under Three NTA Policies that
also Receive Outlier Payments under Total Policies

Total Cost Outlier Policies NTA Cost Qutlier Policies
5% 10% 15%
Percent of NTA Outlier Stays also Receiving Total Outlier Payments
1% 34 18 11
2% 58 38 26
3% 71 54 40
4% 79 65 52
5% 85 73 62

As expected, among stays receiving outlier payments under agiven NTA cost policy, the
share receiving payments under the total cost policy approach increases as the total cost policy
targetsincrease. For example, in the 5% NTA cost policy this share ranges from 340% of stays
that receive outlier payments under a 1% total cost policy to 85% under the 5% total cost policy.
This occurs simply because the amount of outlier funds available under the total cost policies

increase when moving from the 1% to 5% total cost policy simulations.

More importantly, one might expect to see larger "overlaps’ than Table VI11.18 indicates.
That is, one might expect that larger shares of NTA cost outlier recipients would also be total
cost outlier recipients. This might be expected particularly since NTA cost policies are so much
smaller in aggregate dollars than the total cost policies (for example, a 1% total cost target equals
roughly $110 million, while a1% NTA cost target equals only about $18.2 million). However,
the table suggests that a substantial share of SNF stays have total costs that meet the total cost

outlier criteriabut have NTA costs that do not meet the NTA cost outlier criteria

One factor that may partly explain the level of overlap seen on Table VI111.18 isthat

facility-specific routine (including skilled nursing) costs are used, by necessity, in total cost
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outlier policy determinations. Thus, all SNF stays treated in facilities with very high average
routine costs are more likely to meet atotal cost policy outlier criteria, regardiess of astay’s
actual level of routine, therapy, and NTA costs, than stays in facilities with more moderate
routine costs. Very high facility-specific routine costs may reflect several factors, including a
severely ill case mix, cost inefficiencies, or variations in cost accounting practices. GAO
(2002b) found that these factors explain the higher routine costs of hospital-based SNFs relative
to free-standing ones. Further, the facility-level routine costs associated with Medicare stays
may be understated among free-standing SNFs, given the difficulty of identifying routine costs
for Medicare patients in facilities with large shares of stays covered by multiple payers. The
unavailability of stay-level routine costs and the uncertainty of the contribution of different
causes of routine cost variation are critical challenges in developing routine payment PPS
weights using the cost-report approach. Similarly, these features reflect aweakness that existsin

atotal cost outlier policy approach but that does not exist in an NTA cost outlier approach.

Comparing Total and NTA Policiesthat Each Compensate 10% of SNF Stays

To further explore the characteristics of stays that do and do not overlap, in terms of
receiving outlier compensation under the two approaches, the 4% total cost and 15% NTA cost
policies are compared. These are selected because each provides outlier compensation to about
10% of SNF stays, a share that, as noted, has been used as a guideline in selecting specific outlier
targets in other Medicare PPSs. As seen on Table V111.18, 52% of stays receiving outlier
compensation under the 15% NTA cost policy simulations also receive outlier payments under

the 4% total cost policy.
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To help describe the stays affected by either of these policies, Table V111.19 shows the
average payments, costs, and payment-to-cost ratios by cost component of the stays. Payments
in this table reflect payments prior to receiving any outlier payment or base PPS payment rate
reduction. The RUG-I11 payment-to-cost ratio is highest among the stays receiving payments
only under the NTA cost policy. Thismay suggest that overall, the NTA cost policy approach
compensates stays that do not need outlier compensation as severely (i.e., that have lower costs

relative to their RUG-II1 payments) as stays compensated under the total cost policy approach.

Table VIII.19: Average Costs and Payments per Stay of Stays Receiving Outlier Payments under
the 4% Total and 15% NTA Outlier Policies

Ratio of Ratio of
N Ratio of . Therapy Therapy Estimated
umber Estimated
- RUG-III  Total RUG-III NTA NTA and and Therapy and
stays (in NTA : : 2
Payments Costs Payments to Payments Costs Routine Routine Routine
sample) Payments to
Total Costs NTA C Payments Costs Payments to
osts Costs
Total and NTA Policies 8,805 8,217 16,735 0.49 1,393 5,220 0.27 6,824 11,515 0.59
Total Policy Only 6,994 9,055 15,490 0.58 1,450 1,325 1.09 7,605 14,165 0.54
NTA Policy Only 8,280 6,437 8,347 0.77 1,051 3,174 0.33 5,385 5,172 1.04

Note: Data are from the "common median" approach described in the text. RUG-III payments are payments prior to any outlier payments.

Table VI11.20 shows the distribution of stays under the 4% total cost and 15% NTA cost
policies by RUG-III category. In the stays that overlap these two outlier policies, almost 70%
are classified in the rehabilitation category, but significant shares are aso in the extensive
services and special care categories (16.8% and 10.8%, respectively). A similar distribution is
found among the remaining staysin the “NTA cost policy only” group. In contrast, the majority
of the staysin the “total cost policy only” group are classified in the rehabilitation category (89.5

percent).
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Table VIII.20: RUG-III Category of Stays Receiving Outlier Payments under a 4% Total
Outlier Policy and a 15% NTA Outlier Policy

Distribution of Stays across RUG-IIl Categories among Stays in:

RUG-IIl Category Total and NTA Policies Total Policy Only NTA Policy Only
Rehabilitation 69.2 89.5 65.0
Extensive Services 16.8 4.3 17.3
Special Care 10.8 3.3 11.6
Clinically Complex 2.8 2.1 4.8
Impaired Cognition 0.1 0.0 0.4
Behavioral Problems 0.0 0.1 0.1
Reduced Physical Function 0.3 0.6 0.9
Total 100 100 100

Table VI11.21 shows the distribution of stays under the two policies by facility
characteristics. Among the stays that overlap the two outlier policies, 71.6% are hospital-based.
The literature indicates that hospital-based facilities are oriented to SNF patients with extensive
NTA service needs, and thus one might expect that the share of staysin the“NTA cost policy
only” column would be high aswell. Instead, only 27.4% of the staysin the NTA cost policy
only subset are hospital based compared with 62.8% of staysin the “total cost policy only”
subset. Thus, some combination of patient-specific therapy costs and facility-specific routine
and skilled nursing costs is resulting in an emphasis of the total cost policy approach on hospital-
based stays over free-standing stays. With respect to other facility characteristics, the table
indicates that non-profit SNFs are heavily represented in the overlap subset and the total cost
policy only subset (about 55% of stays are in non-profit facilities). For-profit chain facilities are

most common among the NTA cost policy only stays (51.1%).
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Small bed and low Medicare volume facilities are the most common in the overlap and total cost

policy only subsets (generally 70% or higher).

Table VIII.21: Facility Characteristics of Stays Receiving Outlier Payments under
the 4% Total and 15% NTA Outlier Policies

Percent of Stays Receiving Outlier Payments

Characteristic Total and NTA Policies  Total Policy Only NTA Policy Only
Free Standing 28.4 37.2 72.6
Hospital Based 71.6 62.8 27.4
Rural 23.2 24.0 22.5
Urban 76.9 76.0 77.5
Non-profit 55.5 55.1 32.8
Government 15.3 16.1 6.7
For-profit Chain 25.2 21.4 51.1
For-profit Non-Chain 4.1 7.4 9.4
0 -49 Medicare beds 72.7 715 44.9
50 -99 Medicare beds 15.3 13.3 25.4
100+ Medicare beds 12.0 15.2 29.8
0%-9% Medicare days 12.1 17.8 24.4
10%-15% Medicare days 10.0 13.7 27.9
16%-25% Medicare days 5.5 3.4 17.3
>25% Medicare days 72.5 65.1 30.4
New England 3.4 6.5 6.1
Mid-Atlantic 11.3 12.4 17.3
South Atlantic 16.6 18.8 19.6
East North Central 175 20.1 18.3
East South Central 8.7 8.7 5.7
West North Central 10.2 10.4 6.2
West South Central 18.8 13.6 10.6
Pacific 8.3 5.7 11.0
Mountain 4.3 2.9 5.1
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H. Concluding Comments

Anoutlier policy is an important payment policy tool that defrays some of the costs
providers bear for cases whose treatment costs are extraordinarily high relative to their regular
PPS payments. Each of Medicare’s other prospective payment systems includes some type of a
total cost outlier policy. The main advantage of atotal cost policy isthat it alows for
compensation of any type of extraordinary patient cost, whether routine or ancillary. The main
disadvantage of atotal cost policy in the SNF setting is that SNF routine costs are not available
at the case level, and this introduces a bias in estimating a case’ s total costs and its eligibility for
outlier compensation under atotal cost policy. Because of this problem with SNF total cost
outlier policies, and because of afocus on improving payments particularly for SNF NTA costs,

we developed several NTA cost outlier policies, aswell as severa total cost outlier policies.

The findings presented in this chapter show that the incidence of outlier cases, under both
the total cost and NTA cost outlier approaches, is highest in the RUG-I11 specia care category.
The greatest number of outlier stays isfound in the rehabilitation category (namely because
roughly 85% of SNF stays are classified in this category). Across the forty-four RUG-I11 groups,
the incidence of outlier casesisthe highest in the rehabilitation low/B (RLB), specia care/A

(SSA), and extensive services/'3 (SE3) groups.

The findings show that outlier policies improve the average payment-to-cost ratio or PCR
of hospital-based SNFsin particular, and of facilities that are non-profit, government-owned, and
have high shares of Medicare volume. PCRs decline for facilities that are free-standing, for-

profit, large in terms of bed number, and have lower shares of Medicare volume. The decreased
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PCRs indicate that these facilities are disadvantaged by the PPS base rate reductions necessary to

fund the outlier policies more so than these facilities are aided by outlier compensation.

In comparing the results of the total cost policies with the NTA cost policies, hospital-
based staysin particular fare better under total cost policies and free-standing stays in particular
fare better under NTA cost policies. For example, hospital-based SNF PCRs increase more
under total cost policies than they increase under comparable NTA cost policies, and the free-
standing SNF PCRs fall less under NTA cost policies than they fall under comparable total cost
policies. One reason the total cost policies may favor hospital-based SNFsis that they have
substantially higher average routine costs (although the causes and relative importance of the
causes of these higher costs are not well understood (GAO 2002b)). Further, the availability of
facility-level routine costs, rather than case-level costs, creates an upward biasin the total cost

estimates of all cases treated in facilities with high facility-level average costs.

We also analyzed two alternatives for determining the amount of outlier compensation
for stays eligible for the compensation— a“common median” and “ separate median” method.
Applying an overall median length of stay in the outlier compensation calculations results in the
eligible outlier costs of shorter-length stays being compensated at an overall higher rate than that
of longer-length stays. In contrast, the separate median method accounts for the large difference
seen in the median lengths of stay of hospital-based versus free-standing facilities in the outlier
compensation calculations. Inthetotal cost policies, the separate median approach resultsin a
higher share of stays (across al facility characteristics) receiving outlier compensation under the
common median approach. It also resultsin larger outlier payments for stays particularly in free-
standing SNFs than under the common median approach. These higher shares of outlier stays,

and larger average outlier payments to free-standing SNF stays, basically occur because of the
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lower fixed-loss amounts and are funded by areduction in the average outlier payments for
hospital-based SNF stays seen in the separate median approach. This overall pattern is apparent
when comparing the common median and separate median approaches under the NTA cost
policies as well, however the size of the impact is much smaller, and in terms of many facility
characteristics the impact is negligible. This suggests that the two methodologies are worth

considering if atotal cost policy is preferred over an NTA cost policy.

In conclusion, this chapter presented the impact of several total cost and NTA cost policies by
RUG-III category and group and by facility characteristics, and discussed issues that may explain
the findings. With thisinformation, policymakers will be better able to make decisions regarding
the value of incorporating an outlier policy into the SNF PPS, the merits and relative impacts of
total cost policies versus NTA cost policies, the relative effects of various sizes of outlier targets,
and the impact of using alternative methodologies in the outlier compensation cal culations that

account for some differences between hospital-based and free-standing facilities.
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IX. Implications for Research and Policy

Findings from this study have implications for both research and policy. The extensive
analyses we have conducted with multiple data sources shed light on strengths and weaknesses
of the available data. Despite some limitations in the data, the models we devel oped provide
“building blocks’ that are helpful in considering options for improving Medicare payment for
SNFs. In this chapter, we highlight research and policy implications flowing from those building

blocks.

A. Research

MDS Variables on Service Use

One of our more important findings recognized that the manner in which the MDS
currently asks service use questions allows the indicator to refer to ‘use of services to the SNF
stay or the prior hospital stay. Although this construct is not technically aproblemin
determining the health status of a patient, it dilutes the service use indicator’ s effectiveness as a
predictor of NTA costs during the SNF stay. To isolate use of specific services during the SNF
stay, we interacted the MDS indicators with SNF claims' indicators for the same services. We
were able to do this because our analysisfile included MDS and corresponding claims data for
the same stay. Beyond specific research projects, however, these two sources of data are not

routinely merged. Theimplication of this interaction illustrates that consideration should be
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given to modifying the MDS to account for use of particular services, specifically during SNF

stays.

Hospital and SNF Diagnoses on Claims

Although we originally focused on diagnosis information from SNF claims, we
discovered through our research that the coding of diagnoses was extremely uneven across SNFs.
In particular, while hospital-based SNFs tended to fully code diagnoses for their patients,
freestanding SNFs were less diligent. Whereas patients of hospital-based SNFs appeared to have
more secondary diagnoses than those of freestanding SNFs based on SNF claims, the difference
in the number of secondary diagnoses literally disappeared when we compared the coding with
that of their respective prior hospital stays. Using only SNF diagnosis information could have
led, for example, to the erroneous conclusion that patients of hospital-based SNFs had more

comorbidities than did patients of freestanding SNFs.

A related issue is that hospital-based SNFs often (23% of the time) used the rehabilitation
procedure code (V57) to specify the primary diagnosis on SNF claims, whereas freestanding
SNFs hardly ever (0.5% of the time) used this code for the primary diagnosis. Hence, this

diagnosis from SNF claims acts, in part, as a proxy for hospital-based or freestanding status.

Because of the complications with the information on diagnoses from SNF claims, we
chose to use diagnosis information from prior hospital staysin many of our analyses. Prior
hospital stays diagnoses were used, for example, in the New Profile and DRG-related analyses.
If information on diagnoses is made integral to any new SNF payment model that is adopted,

strong incentives will be provided to improve and unify the coding of diagnoses on SNF claims.
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At this point, it would be appropriate to begin substituting SNF claims’ diagnosis information for

data from the prior hospital stays.

Disconnect between MDS Assessment and Claims Data

Claimsinformation on ancillary service use and charges for SNF stays did not coincide
with periods covered by MDS assessments, and most SNF stays involved multiple MDS
assessments. In effect, cost information for ancillary services use referred only to the total
duration of the SNF stay and not to particular days during the SNF stay, whereas MDS
assessments refer to more specific periods during that stay. Where there were multiple MDS
assessments for a given SNF stay, we weighted the scores on those assessments by the number of
days during the stay covered by each assessment. While this approach represents our best
attempt to relate patient characteristics (from the MDS) to charges (from the claims), more
precise estimates could be derived if charge data were available to correspond with days covered
by each MDS assessment. Consequently, we could not determine how costs might have changed
over the course of the stay with the available data. Anecdotal observations by knowledgeable
individuals assert that per diem costs tend to decline over the course of a SNF stay—but avalid
methodology to measure such atrend is currently absent. To the extent that future research
could begin to relate changes in costs over the duration of a stay, payment policies would need to

incorporate this time varying occurrence.
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Hospital-Based and Freestanding SNFs

The large difference in per diem costs between hospital-based and freestanding SNFs
raised questions about whether the reasons behind the disparity warranted consideration for
payment adjustment. Differencesin case-mix and outcomes of care are examples of reasons why
differentia payments may be reasonable. Although our analysis of outlier payment options
suggested that both NTA and nursing costs are contributors to higher overall per diem costs of
hospital-based patients, the absence of outcome information elicits ambiguity on whether higher
costs are necessary. On the other hand, less ambiguous differences in accounting procedures

provide a clear example of why payment adjustments are not appropriate.

B. Policy

We developed models to address three aspects of the current SNF PPS that require

attention:

(1) Thereisageneral consensus that the RUG-I11 classification system does not
adequately account for variationsin NTA costs. To that end, we focused much of our efforts on
developing models that improved the variance explanation of NTA costs, with three of our
models devel oped to focus specifically on NTA costs. Although the DRG-related model was not
developed specifically for NTA, it provides yet another option for adjusting Medicare payments

for NTA services.

(2) The “fee-schedule” for rehabilitation therapy under the current SNF PPS promotes

prodigal utilization of resources. We concentrated on developing one “need based” model for
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rehabilitation therapy, in which amount of payment for rehabilitation therapy was determined
primarily by patients’ characteristics. The DRG-related model could also be considered as an

aternative to the current rehabilitation therapy payment schedule.

(3) Thereisaneed to update nursing payment weights over time to reflect changesin
patient needs, service provision, and technology. Unlike for NTA and rehabilitation therapy
services, information on nursing costsis routinely available only on afacility, rather than
individual, basis. Thus, we were unable to develop person-level models for nursing care like
those for NTA and rehabilitation therapy services. Only the DRG-related model, when applied
to total costs, provides a means for using routinely collected information to update payment
weights, including nursing services. The fact that the data requires us to assign the facility’s
average nursing cost to each patient in that facility to develop patient-level costs may be
problematic, however, particularly since nursing costs tend to be a considerably higher
percentage of total costs for SNFs than they are for other Medicare providers (e.g., acute care

hospitals).

Our models on the various components of SNF services can serve as building blocks for
ways to improve Medicare payment for SNFs. The relative merits of using the different models
depend on the answers to these fundamental policy questions. (a) How much changeis
desirable? (b) Which service components should be addressed? (c) What tradeoffs are important

in the salection of models?
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How Much Change?

Not surprisingly, wide ranges of opinions exist concerning how much change to the SNF
PPSisdesirable. On the one hand, this system has been in effect for six-years, and participating
SNF providers have adapted to its rules and incentives. Anecdotal information suggests that
providers have learned to operate efficiently under the SNF PPS and would be reluctant to see
major changesin its structure, including the RUG-I11 classification system underpinning the
payment system (Maxwell 2003). Moreover, since many state Medicaid nursing home
reimbursement systems also use a RUG-related classification system for adjusting case-mix,
minimizing changes in the use of RUG-I11 would promote ease of operation for SNFs
participating in both Medicare and Medicaid programs. On the other hand, the perceived
problems with the current SNF PPS suggest that improvement in payment methodology is
warranted. Whether improvements to the SNF PPS reflect minor RUG refinements or more
wholesale changes will depend on how much weight is placed on the various criteria discussed

above.

Which Components?

This question asks which components of the SNF PPS are likely to be the most profitable
in terms of the SNF payment system. Most observerstend to rank payments for NTA services
as the most important area for improvement, followed by rehabilitation therapy, and then by

nursing.

Providers, consumer representatives, and policy analysts agree that RUG-111 does not

adequately adjust payments for NTA services. This perception has been supplemented by
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multiple research studies, all of which showed that RUG-111 explains only about 5% of the
variation in NTA costs. Costsfor certain NTA services (e.g., IV therapy) may simply be much
greater than expected NTA payments. The three NTA-specific models, as well asthe DRG-
based model, can be utilized to address the need for an improved payment strategy for NTA

services. We reviewed policy related criteria of these modelsin Chapter VII.

The fee schedule nature in which the SNF PPS pays rehabilitation therapy servicesis
another areato investigate for improving SNF payments. Some believe that fee schedule
compensation has given providers too much latitude over payment for rehabilitation therapy
services and provides strong incentives for providers to respond to financial, rather than clinical,
incentives. The rehabilitation therapy-specific model, as well as the DRG-based model, can be

evaluated relative to the need for an improvement in payment for rehabilitation therapy services.

The ability to update nursing payment weights using routinely collected datais avery
desirable objective, given changes in patient needs, service provision, and technology.
Stakeholders and policy analysts generally agree that this update should be done. Because
administrative data on person-level nursing resource use has not been available, Medicare has
had to rely on special staff time measurement studies of samples of patients to estimate relative
nursing costs by patient characteristics. The RUG-111 nursing weights were derived in this
manner. Thereisareal dilemmahere. Such studies are expensive and take along time to
conduct if sufficiently representative samples are to be obtained. But analytical efforts using
routinely collected data on nursing costs confront the serious obstacle that information is

available only on facility-level average nursing costs.

266



Choosing Among Different Models

When multiple models are available for consideration, choices among them depend on
the weight one places on the different criteria used to compare them. For example, we have
devel oped three models specifically focusing on NTA costs (four if we include the DRG-based
model). In general, the more complex the model, the better its variance explanation, and the
more clinically meaningful itis. At the same time, the more complex the model, the greater the
data requirements, and the more complex the administrative procedures for implementing the
classification system. Earlier in thisreport, we discussed the statistical and other criteriathat we
applied in assessing each of the models. Adoption of a“preferred model” for a given SNF
service component will depend on how much weight policy makers place on the different

criteria

Unlike Medicare’ s PPS for other provider types, the SNF PPS currently does not include
an outlier payment policy to address unusually high cost cases. We provided a number of
illustrative examples in which we varied outlier target (e.g., pool), loss-sharing ratios, and the
fixed-loss amount, and discussed different approaches for financing the outlier payments. An
outlier payment policy may also be considered in conjunction with different classification

models to improve Medicare payment for SNFs.

In sum, the building block models provide various options for potential improvementsin
the SNF PPS. One possibility establishes a new classification model explicitly for NTA services.
A second possibility establishesanew NTA classification model and replaces the rehabilitation

therapy component of RUG-I11 with the “need based” model for that service. This option could
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function independently or in conjunction with one of the other NTA models. A third possibility

uses the DRG-based model for both NTA and rehabilitation therapy services.

In each of these scenarios, nursing payments would continue to be paid by the RUG-111
nursing payment weights. Beyond the building-block strategy, DRGs could be considered for
case-mix adjusting total costs. Finally, an outlier payment policy could be established for
Medicare SNFs, either alone or in combination with any of the changesin the patient

classification system.
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Appendix to Chapter 11

Appendix I1.1: Variance Explanation of RUG-I111I

The predictive performance of RUG-II1 has been examined mainly in papers describing its
development and refinement. In Fries and colleagues’ 1994 description of developing RUG-III,
the system explained 55.5% of the variance in nursing and therapy per diem resource use
(measured as staff time), and 41.2% of the variance in nursing resource use alone.

After implementation of the SNF PPS, attention was focused on RUG-II1I’ s variance explanation
regarding Medicare patients (rather than al nursing facility patients). In a subsequent analysis of
the sample used in the development of RUG-I11, other researchers reported that RUG-I11
explained 39% of variation in routine and therapy resource use (staff time minutes) among
Medicaid residents and 21% of variation in staff time minutes among Medicare SNF patients
(Abt Associates 2000). The Abt researchers posited that RUG-111 explained less variation among
Medicare than Medicaid staff time minutesin part because the majority of Medicare patients
were classified in asingle RUG-I11 category (rehabilitation), and the resulting case-mix
heterogeneity and level of resource use variation in that category decreased the system’s
predictive capability regarding the Medicare population. About 65% of Medicare stayswerein
that category, in contrast to only 18% of Medicaid stays.

In another study of the RUG-I11 system, Kramer and colleagues (1999) collected patient
assessment and staff time datain 1998 on a purposive sample of 1,000 Medicare patients with
high rehabilitation and medically complex needsin 64 SNFs across 14 states. In this resource-
intensive patient sample, the variance explanation of RUG-I11 was dramatically lower (8%,
nursing and therapy staff time; 4%, nursing staff time; 21%, therapy staff time).

Our analyses of 1999 Medicare SNF claims also indicate low variance explanation (5%
regarding total cost) when using Medicare costs (derived from charges), rather than staff time, as
the measure of resource use (Liu, et al. 2002). When using this measure of resource use, the
variance explanation regarding routine costsis low (3% in our analyses), because this measure
captures variation in routine costs only at the facility, rather than patient, level. Variance
explanation of NTA costs also islow (5% in our analyses). Thisfinding is not surprising
because RUG-I11 was not developed to predict NTA costs. As expected, the explanation is
highest regarding therapy costs (38% in our analyses).
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Appendix to Chapter 111

Appendix I11.1: Dataand Methods

Data Sources

The MDS is part of an overall nursing home resident assessment system, required by the
Nursing Home Reform Act of OBRA 1987, which was developed to improve the health and
quality of life of nursing home residents. The MDS consists of over 300 questions grouped into
18 domains—such as patient diagnosis, cognitive status, functional status, and nutritional status.
Of the roughly 300 items on the full assessment form, about 100 are used for PPS payment
purposes. In DataPRO, all MDS assessments are matched to each SNF stay, with selected items
pulled for thefile. MDS assessments for SNF patients are made on a specified schedule about 5,
14, 30, 60, and 90 days from the start of the Medicare stay.

Medicare certified providers submit claims for reimbursement for Medicare-covered
services, with ingtitutional providers using form UB-92. Information on these claimsincludes
periods of service, types of procedures furnished, primary and secondary diagnoses of the
patient, and the institution’ s charges for services provided. Claims are submitted to Medicare
intermediaries who conduct edits, review for appropriateness, and reimburse the provider
according to Medicare coverage, eligibility, and payment rules. Claims from the Medicare
intermediaries are ultimately sent to CMS.

Construction of the 2001 Analysis Files

We used the DataPRO SNF and prior hospital stays as the starting point for creating the
analysisfile. We examined the stays to identify potential integrity problems and non-Medicare
coverage, and dropped cases with anomalies (such as overlapping claims records, zero covered
days, and missing prior hospital stay information). We then examined the MDS assessments
associated with each stay and dropped cases with anomalies (such as absence of any
assessments, irregular patterns of assessments, and mismatches between MDS assessmentsin
DataPRO and MDS assessments from the MDS core datafiles). Next, we examined consistency
of information between DataPRO stays and the SNF stays we created from raw claims data
(which would be the source of service use information not originally collected by DataPRO).
Medicare stays found to have inconsistent information were excluded from the analysis files.
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The next step was to determine the intersection between the “clean” Medicare SNF stays and
the SNF cost reports on record. SNF stays without corresponding cost report data—which could
not have the claims amounts converted to estimated costs—were also excluded from the analysis
files. The effects of the exclusions on the number of cases are summarized in Appendix Exhibit
[1.1.

Appendix Exhibit lll.1: The Number of Cases Remaining after Specific Initial Edits

Reasons for Exclusion of Stays Remaining Numbers
Total SNF staysin 2001 DataPRO 2,114,797
1. “Integrity Problems and Non-Medicare coverage’ 1,900,036

* Overlapping SNF stays, fragmented SNF stays, overlapping
claims records within stays, no Medicare payment, no covered
days

* Overlapping qualifying hospital stays, no qualifying hospital
stay, overlapping claims records for the qualifying hospital stay,
no Medicare payments

* Non-PPS stay

* Swing Bed stay

2. Unavailability of MDS assessments 1,778,059
* No MDS assessments
* No 5-day MDS assessment
* Missing complete sequence of assessments (e.g., a stay with 5-
day and 30-day assessments, but no 14-day assessment)

* Mismatch between SNF stays assessments and base MDS data
set

3. Mismatch of the DataPRO stays and supplemental claims data 1,768,761
* Non-match of stays (SNF stays or hospital stays)
o Stayswith different SNF covered days
» Stay with different hospital covered days

4. Matching with cost report information and wage-index file 1,722,987

5. Other exclusions 1,709,736
» Length of stay is not equal to Medicare covered days
» Staysthat have the same assigned MDS assessments
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Facility Data Exclusion Rules (Flags)

We identified facilities whose data were likely to be too unreliable to be included in an
analysis sample. We encountered three types of problems on facility cost reports that led to the
creation of flags for specific facilities: (1) unreliable cost data on the cost report; (2) an inability
to accurately assign Medicare costs from the total facility costs; and (3) unreliable cost to charge
ratios.

Unreliable Cost Data

Cost data were determined to be unreliable based upon unlikely cost breakdowns or
extreme cost levels. We flagged facilities that had unacceptable ratios of ancillary to routine
costs based upon ratios less than or equal to .005 or ratios greater than 5.0. Inconsistent facilities
with total ancillary costs that exceeded the sum of the costs of the ancillary cost components by a
significant amount were identified as unreliable. We also flagged four facilities with the
following extreme costs: routine cost per day of $0.009, routine cost per day of $36,409, routine
cost per day of $0.28, and non-therapy ancillary cost per day of $8,815.

Inability to Assign Medicare Costsin a Facility

We needed to assign Medicare costsin afacility in order to generate cost to charge ratios
for calculating costs for the observations in the file. Facilities that were missing data necessary to
assign Medicare costs were flagged. These included facilities missing any of the following data:
number of SNF beds, number of Medicare patient days, number of SNF participating unit days,
and number of daysin other units of the nursing home.

Unreliable Cost to Charge Ratios

We conducted an analysis to determine which cost to charge ratios (CCRs) to categorize
as“out of range.” We flagged SNFswith such ratios for any of the service components we
examined. Itisimportant to note that thereis no “right” answer; this analysis smply served to
help us make decision rules. Our goal was to be asinclusive as possible, while identifying
particular SNFs that were likely to contribute clearly erroneous datato our classification
analysis.

We first explored the ranges of CCRs used by other analystsin Medicare PPS-related
research. In research on inpatient rehabilitation facilities, RAND settled on arange of 0.05-10.0
for departmental CCRs; when values were outside this range, values were imputed based on like
facilities. In earlier research on SNF refinement, Abt Associates used arange of 0.25-2.1 for
ancillary services. In research on acute care hospital CCRs, Newhouse, et al. (1989) used limits
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for departmental CCRs that varied by size of hospitals: 0.01- 100 for hospitals with less than 100
beds and 0.01-3.0 for hospitals with 100 or more beds.

We conducted detailed analyses of CCR distributions separately for hospital-based and
freestanding SNFs, flagging SNFs with CCRs that appeared to be extreme values. From this
analysis, we determined that arange 0.05 — 30.0 was a reasonabl e starting point for (@) total
ancillary, (b) rehabilitation therapy, (c) total NTA, and (d) drugs. For respiratory therapy and
other NTA services, we determined that a higher cap would be appropriate. We selected the
range 0.05 to 100 for these last two components for freestanding SNFs. We flagged hospital-
based SNFs with service specific CCRs outside a 0.05-10.0 range for all components.

The impact of applying these flag rules on number of SNFs and number of associated stays,
separately for freestanding and hospital-based SNFs, isrelatively minor. For freestanding SNFs,
the 112 flagged SNFs and 1,175 associated stays are 0.9% of all freestanding SNFs and 0.9% of
al staysin freestanding SNFs. For hospital-based SNFs, the flagged cases are 0.8% of all
hospital-based SNFs and 0.3% of all staysin hospital-based SNFs.

We determined that the “generous’ range of CCRs we applied included virtually all stays
in freestanding and in hospital-based SNFs. This high yield led us to exclude the remaining
small number of stays from the analysis without attempting to impute values for them.

A related issue is that some claims are submitted for particular types of services (e.g.,
respiratory therapy), for which CCRs could not be constructed using afacility’s cost reports. In
these cases, we applied the available CCR from the next higher level of service aggregation. For
example, if aclaim for respiratory therapy was submitted but the SNF did not have a respiratory
CCR, we applied the CCR for total NTA. Similarly, if aclaim for rehabilitation therapy was
submitted but no rehabilitation therapy CCR existed, we applied the CCR for total ancillary
Services.

Stay Data Exclusion Rules (Flags)

Finally, we eliminated stays with extreme values for total ancillary costs and charges out
of concern for the validity of the data. We dropped stays with logged total ancillary costs or
charges 3 standard deviations from their logged mean, similar to previous work on hospital costs.
Since most of the stays identified through costs overlapped those identified with extreme
charges, the process eliminated only about 2.0% of the remaining observations.

Selecting Units of Observation

The key limitation in the analysis file datais that ancillary service charges, and, thus,
costs, are not reported for specific dates of service, but have to be averaged and applied to the
entire SNF stay. Hence, the MDS assessments on patient conditions, which are recorded at
specific dates during a stay, cannot be linked directly to specific cost information. Because
about 60% of the SNF stays have multiple MDS assessments, it isimportant to consider if, and
how, information from all the assessments can be used in the prediction of costs.
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We developed a procedure to make efficient use of all the MDS assessments for each stay
by defining segments for each MDS and weighting them together based on the proportion of
time during the stay covered by each assessment. The reasoning behind this approach is that the
outcome — per diem cost measured over the entire stay — is aweighted average of the per diem
costs measured over the MDS assessment periods, or segments. Asaresult, it isappropriate to
examine cost variation with the weighted average of the patient conditions over the same
assessment periods, or segments.
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Appendix I11.2: Statistical Evaluation of Patient Classification Models

This appendix describes the general features of the models used in each patient classification
approach and the minimum common set of statistics that are reported and used to evaluate each
approach.

Patient Stay-L evel Models and Statistics

Classification systems used in a PPS should be able to account for areasonably high
proportion of the predictable variation in aprovider’s patient care costs dueto clinically
meaningful differencesin patient characteristics. To the extent that a classification system does
not sufficiently meet this goal, provider incentives to select patients according to risk may
increase. Predicting variation in costs that is due to clinically inappropriate variation (e.g.,
provider inefficiencies or regional practice patterns not related to best practices) is not desirable.
In other words, higher predictability of cost variation is generally considered better, aslong asit
isthe“right kind” of variation. The unit of payment currently used for SNFs under Medicareisa
day of patient care. Thus, aclassification system should explain sufficient appropriate variation
in costs per day at the person level.

Patient stay-level models are estimated using both costs per day and charges per day as
dependent variables. Costs and charges represent two alternative measures of SNF resource use.
Because both measures have conceptual advantages and disadvantages, we consider the 2
measures separately to allow comparisons of the results obtained under each measure using a
particular classification system. The cost and charge variables we use in the stay-level models
have been wage-adjusted using the area Wage Index Factor (WIF) and a labor share of 0.7787,
unless stated otherwise. For simplicity, we focus our discussion here primarily on costs, even
though anal ogous models are examined using charges.

The genera form of the stay-level model is:

f(wage-adjusted cost per day;) = g(patient classification system variables),

where f and g are functions and i denotes a patient stay. We leave the functional form arbitrary
because models may be estimated in avariety of ways, including linear regression on costs,
linear regression on the log of costs, two-step regression, and categorical regression tree analysis
(CART).
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R-squared

The R-squared statistic reported for each model tells us what share of the variation in the
dependent variable (e.g., costs per day) can be accounted for by the patient classification system.
In linear regression models, the usual R-squared is reported (explained sum of squares/ total sum
of squares). For two-step or uncentered models (where the average predicted cost is not equal to
the average actual cost) and for out-of-sample predictions, we report the R-squared as computed
by aregression of the actual cost on the predicted cost. Regression results are also reported if the
coefficient on the prediction differs significantly from 1.0 or if the coefficient on the constant
term differs significantly from 0. The constant term of this regression measures the degree of
uncenteredness.

In comparing models with the same dependent variable but different sets of explanatory
variables, so long as the cost variation being explained is actually attributable to clinically
appropriate patient characteristics, the classification system with the higher R-squared is
preferred, all else equal. It isimportant to recall that patient characteristics may be correlated
with facility characteristics that are not appropriate for payment adjustment, however, which may
contribute to a higher R-squared for unintended reasons. Another point to keep in mind is that
the R-sgquared cannot be compared unambiguously across models estimated using different
samples, different dependent variables, or different transformations of dependent variables. For
example, a higher R-squared using charges as the dependent variable, rather than costs, does not
necessarily imply that the charge model is a better model of patient resource utilization.
R-squared is an overal, or summary, measure of predictive ability. Two modelswith similar R-
squared could differ in how well they predict cost for high cost patients versus low cost patients.
We can obtain more detail from measuring sensitivity.

Sensitivity

Sensitivity measures how well the classification system can correctly predict high cost cases
to be high cost. We define high cost cases for this purpose as cases in the highest 10% of costs.
Sensitivity is calculated as the percent of casesin the highest 10% of actual coststhat are also in
the highest 10% of predicted costs. As such, the sensitivity measures tell us the probability that
the most expensive stays will be paid at the highest payment rates under a given classification
system. All else equal, a more sensitive classification system will be less likely to create
incentives for providers to select against the most costly patients.

Standard Deviation of the Relative Weights

A patient classification system, implemented as a set of categories or a regression-based index
model, yields a set of predicted costs that depend on patient characteristics. Relative weights
(also called relative values) measure the costliness of a patient type relative to the average
patient. Relative weights are constructed by dividing the predicted cost for a particular type of
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patient by the average actual cost (or average predicted cost).® The relative weights will have a
mean of 1.0 over the whole estimation sample either by design or, if necessary, by re-centering
them. Relative weights will normally have an average close to, but not exactly, 1.0 when
computed for randomly selected sets of patients outside the estimation sample.

For each of the base case models, we report the standard deviation of the relative weights, which
provides an indication of the extent of variability of the payment rates that will result from a
particular payment system. Thereisno “correct” value for this measure, but it provides a gauge
of how different the dispersion in payment rates would be under different patient classification
systems. Our primary purpose in reporting this measure is to understand the extent to which
variation in payments would differ for a given classification system depending on whether costs
or charges are used as the dependent variable.

Validation Out-of-Sample

The base case models are estimated using the test sample (i.e., the 10% simple random sample
of stays). The statistics listed above are reported for each model. For out-of-sample validation,
the results (e.g., regression coefficients) of these models are then applied to a new sample of
stays:. the validation sample (i.e., the stays that constitute the 10% facility-stay file). This
process mimics the inherently out-of-sample use of classification systemsin practice, whereby
payment rates developed from older data are used for determining current payments.

We report each of the stay-level model statistics separately for staysin the validation sample. It
is reasonable to expect minor deterioration of model results when applied to the validation
sample. Large differences between estimation sample and validation sample results, however,
may indicate substantial over-fitting of models to the data in the estimation sample. Because the
statistics presented for the validation sample provide amore realistic appraisal of the statistical
properties of the classification system, we rely on the validation sample results in comparing the
different approaches.

Facility-Level Models

Effective classification systems should aso be able to account for variation in costs across
facilities that are attributable to variation in average patient case-mix characteristics. Facilities
may have high average costs due to a more severe or complex patient mix, perhaps because they
are well equipped to treat such patients. Facilities with a more severe case-mix would be
penalized if the patient classification system does not reflect these differences such that financial
losses on high cost patients sufficiently offset gains from low cost patients (MedPAC 1999).
Differencesin facility payment levels due to case-mix differences should both explain and be
proportional to facility differencesin average costs per patient day in SNFs.

% The average actual cost and average predicted cost are the same in one-stage regression models that contain a
constant term.
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We estimate facility-level cost models to address these issues, examining how facility costs
vary with case-mix-adjusted payments and other facility characteristics. We use the validation
sample for this purpose. Stay-level costs are averaged, weighting by Medicare covered patient
days, to construct the average cost per patient day in each facility.

Facility Case-Mix I ndices

Facility case-mix indices (CMIs) summarize the costliness of afacility’ s patient case-mix as
captured by a particular classification system. CMIs are constructed by averaging the (out-of-
sample predicted) relative weights of the stays within each facility in the validation sample. The
average CMIs are weighted by the number of covered days for each stay. At the facility level,
CMIs are re-centered so that the means of the CMIs across all facilities are equal to 1.0. We
estimate facility-level models by regressing the log of facility average costs per day (unadjusted
for areawages) on a constant, the log of the CMI, and, possibly, on a set of control variables,
which varies according to the model specification. We estimate and report 3 specifications using
the base case from each classification approach.

CMI-only mode!:

log(Facility cost per day) = o + fi*log(CMI) + &

Payment model:

log(Facility cost per day) = 5 + 11*log(CMI) + »*log(WIF) + y5*Urban + &

Fully-specified model:

log(Facility cost per day) = & + a*log(CMI) + &*log(WIF) + d3* Urban + Xoy + &3,

The CMI-only model contains no control variables except for a constant term. The payment
model adds the log of the area wage index factor (WIF) and an urban facility indicator as control
variables, because these 2 variables are currently accepted as valid facility characteristics for
which SNF payments should be adjusted. The “fully-specified” model adds control variables,
denoted by X, for number of beds (0 to 9 beds, 10 to 19 beds, 20 to 49 beds, 50 to 99 beds, with
100+ beds as the excluded category); being a hospital-based facility; ownership type
(voluntary/nonprofit, for profit-other, and government, with for profit-chain as the excluded
category); and percent of SNF patient days paid by Medicare. These additional variables are
expected to be correlated with facility costs and may be correlated with the CMIs and
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unobserved aspects of patient case-mix; however, they are characteristics that are not considered
appropriate to use in adjusting SNF costs per se.

The CMI variables may be based on cost- or charge-based relative weights. Regardless of
which is used, the dependent variables are facility costs (not charges) because costs are
conceptually the more accurate measure of SNF resource use. The potential problem with
estimated costs at the stay level, which motivates our consideration of charges (that cost-to-
charge ratios must be assumed fixed at the facility level), is not an issue at the facility level,
because SNF costs are directly measured at the facility level from the Medicare cost reports. In
evaluating the facility-level models, the main statistics of interest, reported for all base models,
are the model R-sguared and the coefficients on the logs of the CMIs in each specification.

Facility-Level Model R-squared

The R-sguared of the CMI-only model indicates the maximum share of variation in (log)
average SNF costs per day that can be attributed to facility case-mix as measured by the
particular classification system. This measure can be compared across different classification
systems for the same cost component. It is also informative to examine how the R-squared value
changes as additional explanatory variables are added. The change in R-squared from the CMI-
only model to the payment model summarizes the potential contributions of further payment
adjustments for areawage levels and urban status. The change in R-squared from the payment
model to the fully-specified model summarizes the unique contribution of the other facility
characteristics that are considered inappropriate for payment adjustment in explaining SNF costs.
The larger the contribution of these non-payment variablesisrelative to the R-squared in the
payment model, the larger the potential for important financial impacts across facilities of
different types. Even financial impacts that may be considered desirable in the long run if they
strengthen the overall efficiency of service provision may be disruptive to patient care in the
short run if they lead high cost facilities to close.

The CMI Coefficient and CMI Compression

With the log-log model specification, the CMI coefficient (i.e., the regression coefficient on
the log (CMI) variable in afacility-level model) measures the percent change in expected facility
costs associated with a percent change in the CMI (and, thereby, its average relative payment
rate per patient day due to case-mix). Theideal situation isfor the CMI coefficient to be 1.0,
indicating, for example, that a 10% higher CMI is associated with 10% higher costs. When the
CMI is proportional to expected costs, facilities are paid in proportion to the higher cost
associated with a higher CMI.

The situation that arises with a CM|I coefficient that is greater than 1.0 is called “CMI
compression.” If, for example, the estimated CMI coefficient is 1.25, afacility whose CMI and
average payments are 10% higher than average would tend to have costs that are 12.5% higher
than average. Coststend to rise (and fall) more than payments, so that high case-mix facilities
tend to be underpaid and low case-mix facilities tend to be overpaid. The term compression is
used because the distribution of case-mix-adjusted payments is more narrow, or compressed,
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than the distribution of expected costs associated with facility case-mix. A classification system
that exhibits CMI compression would tend to penalize facilities that have a more severe case-mix
and create incentives to avoid high cost patients (Cotterill 1986).

A CMI coefficient that is less than 1.0 would indicate what is called “CM| decompression.”*
Decompression is aless common finding in the literature, but it arises in some of the results we
present below. Decompression appears more prevalent in our analyses that use charges as the
measure of resource use. A possible explanation (requiring further investigation) is that charge-
based relative weights may be partly picking up charging practices, which get incorporated into
the CMIs and lead to reduced CMI coefficients once facility characteristics are added as controls.
When decompression is present, facilities with a CMI greater than 1.0 will tend to be overpaid
and facilities with a CMI less than 1.0 will tend to be underpaid.

We illustrate the payment implications of combinations of CMI compression, proportionality,
and decompression for high, average, and low CMI facilitiesin Appendix Exhibit 111.2. For this
illustration, we use a CMI-only model in which the average facility CMI is 1.0 and the average
cost per day is $100. To take just the decompression example, in which we show the implication
of having a CMI coefficient of 0.8, afacility with a CMI of 1.4 would make an average profit of
$9.11 for each patient day. A facility with a CMI of 1.0 would break even. A facility with a
CMI of 0.7 would lose $5.18 per patient day.

% The term “decompression” could also be used to describe a procedure to adjust for compressed weights, but here
we mean the opposite of compression.

284



Appendix Exhibit ll1.2: Illustration of CMI Coefficient and Facility CMI Scenarios

CMI coefficient

Expected log
facility cost per

Expected facility
cost per patient

Facility payment

Profit (loss) per

Situation Facility CMI day per patient day patient day
Compression
High case-mix 1.25 14 5.03 $152.29 $140 $(12.68)
facility
Average case- 1.25 1.0 4.61 $100.00 $100 $0.00
mix facility
Low case-mix 1.25 0.7 4.16 $64.03 $70 $6.47
facility
Proportional
High case-mix 1.0 14 4.94 $140.00 $140 $0.00
facility
Average case- 1.0 1.0 4.61 $100.00 $100 $0.00
mix facility
Low case-mix 1.0 0.7 4.25 $70.00 $70 $0.00
facility
Decompression
High case-mix 0.8 14 4.87 $130.89 $140 $11.68
facility
Average case- 0.8 1.0 4.61 $100.00 $100 $0.00
mix facility
Low case-mix 0.8 0.7 4.32 $75.18 $70 $(7.44)

facility

Example assumptions: Log(average cost per day) = o + fi*Log(CMI). Average CMI = 1.0. Average cost per day = $100. /f = Log(100) = 4.605.
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We report the CMI coefficient for each of the 3 specifications. In addition to the CMI, we
report the standard error of the CMI coefficient, so that confidence intervals can be computed,
and the p-value for the t-test of the null hypothesis that the CMI coefficient isequal to 1.0. The
CMI coefficient results for the CMI-only specification are the least relevant when we consider
that payment adjustments are made for areawages and urban status. They are reported primarily
for completeness, although they are also useful to illustrate whether wage and urban adjustments
alter the relationship between the CMIs and costs.

I nterpreting Compression Results for the Payment and Fully-Specified Models

Findings of CMI compression or decompression have somewhat different meanings and
implicationsin the payment and fully-specified models. The CMI coefficients in the payment
models quantify the relationship between facility case-mix and costs across facilities, holding
areawages and urban status fixed (or as if an average cost adjustment has already been made for
those 2 factors). The CMI coefficient tells us whether case-mix adjusted payments will flow to
facilities proportionately to their expected costs.

The fully-specified models estimate the relationship between case-mix-adjusted payments and
costs within classes of facilities defined by the additional control variables. As such, the CMI
coefficients measure the extent to which facilities of a given type would face incentives to risk-
select patients on the basis of the characteristics included in the classification system. Facilities
of agiven type may be making or losing money overall. However, if costs are related
proportionately to the CMI in the fully-specified models, they will not be making or losing more
or less money depending on the case-mix characteristics of their patients.

If the fully-specified model isin fact a reasonably accurate overall model of the drivers of SNF
costs, compression in the fully-specified models would cast serious doubt on the effectiveness of
a classification system that is not otherwise modified with payment cushions, such as outlier
payments. Decompression would also suggest serious problems that an outlier policy would not
address.

Appendix Exhibit 111.3 shows the 9 possible scenarios for compression, proportionality, and
decompression in the payment and fully-specified models and their basic interpretation.
Compression in the fully-specified model is very likely to be accompanied by compression in the
payment model (since CMI coefficients usually fall when additional control variables are added
to the model). It would, therefore, be unlikely that we would find a higher CMI coefficient in the
fully-specified model than in the payment model; thus, we focus on the more likely scenarios.
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Appendix Exhibit 111.3:

CMI Coefficient Scenarios in Payment and Fully-Specified Facility Models and Implications

Fully-specified model

Payment model CMI coefficient > 1 CMI coefficient = 1 CMI coefficient < 1
Compression Proportionality Decompression
CMI coefficient > 1 Problematic Ambiguous Problematic
Compression » High cost facilities’ costs » Depends on reason for Indication of powerful facility
exceed payments and low compression effects
cost facilities’ payments » High cost facilities’ costs High cost facilities’ costs
exceed costs exceed payments and low exceed payments and low
* Incentive to select against cost facilities’ payments cost facilities’ payments
high cost patients exceed costs exceed costs

* Noincentive to select
patients based on
characteristics in
classification system

Incentive to select against
low cost patients

CMI coefficient = 1
Proportionality

Unlikely Ideal

» Facilities’ case-mix-adjusted
payments equal to expected
costs

* No incentive to select
patients based on
characteristics in
classification system

Problematic
Facilities’ case-mix-adjusted
payments equal to expected
costs, but
Incentive to select against
low cost patients

CMI coefficient < 1
Decompression

Unlikely Unlikely

Problematic
High cost facilities’ payments
exceed costs and low cost
facilities’ costs exceed
payments
Incentive to select against
low cost patients
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Proportionality in both equationsisideal and would suggest both payment equity across
equations and minimized incentives to risk-select on the basis of factorsincluded in the patient
classification system.

One likely case with an ambiguous interpretation is afinding of proportionality in the fully-
specified model but compression in the payment model. Under this scenario, the classification
system may or may not be adequate, depending on the most likely source or sources of the
compression. A specific example best illustrates this case. Suppose we find a CMI coefficient
of 1.2 in the payment regression and 1.0 in the fully-specified regression. Thisresult could only
occur if the added facility characteristics in the fully-specified model were related both to costs
and to the CMI. Assume the CMIs are related to facility characteristics ssmply because different
types of patients are more appropriately treated in different types of facilities. Inthis case,
interpreting the differences in CMI coefficients requires an understanding of, or assumptions
about, why the facility characteristicsrelate to costs. This can be examined statistically.

Facility characteristics could be related to costs for some combination of 4 main reasons.

» Cost reporting or accounting differences across facility types

» Case-mix differences across facility types not captured by the classification system
» Operational efficiency differences by facility type

» Quality of care differences by facility type

Each reason would have a different implication for the compression in the payment
regression, and, although we lack sufficient information to know the relative contribution of each
with any degree of certainty, we can at least consider their separate implications.

If compression in the payment model were driven by cost accounting differences across facility
types, there would be no concern. Facilities would receive case-mix adjusted payments
proportionate to their true underlying costs.

If the compression resulted from case-mix differences arising from type of facility, but those
differences not captured by the classification system and thus not reflected in payments, it would
be problematic. Costly case-mix facilities would not be paid sufficiently or fairly for their more
costly case-mix and low cost facilities would be overpaid.

If the compression was due to inefficiency in certain types of facilities, inefficient facilities
would have an incentive to become more efficient, which would further the goals of the
Medicare program in the long run. However, financial strain on inefficient providers could
potentially disrupt patient care in the short run, should providers close or reduce their level of
patient care.
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If the compression resulted from differences by facility type in the quality of SNF patient
care, while quality-adjusted costs would vary in proportion to payments, high quality facilities
would receive no reward for superior quality and low quality facilities would incur no penalty for
providing inferior care. Policymakers would need to balance patient care objectives against
fiscal objectives, and there is currently no provision for compensating higher quality SNF care
through Medicare payment adjustments.
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Dollars per Stay

Appendix to Chapter VIII

Appendix Exhibit VIII.1: Distribution of SNF Total Costs per Stay, 2001

$35,000
30240
$30,000 1 029114
28835
$25,000 1
$20,000 1
$15,000 1
$10,000 1
$5,000 |
$0
99

Percentile

290

—&— All SNFs
—l— Hospital-Based
Freestanding




Dollars per Day

Appendix Exhibit VIII.2: Distribution of SNF Total Costs Per Day, 2001
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Appendix Exhibit VIII.3: Distribution of SNF NTA Costs Per Stay, 2001
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Dollars per Day

Appendix Exhibit VIII.4: Distribution of SNF NTA Costs per Day, 2001

$500

$450

$400

$350 -

$300 +

$250 -

208

4

$200

$150 -

$100 +

$50 -

$0 '

Percentile

293

99

B 460

389

350

—o—All SNFs
—m— Hospital-Based
Freestanding




Appendix Exhibit VIIL.5: List of States by Census Division

Census Division State Census Division State
New England Maine West North Central Minnesota
Vermont lowa
Massachusetts Missouri
New Hampshire Kansas
Connecticut Nebraska
Rhode Island North Dakota
South Dakota
Mid Atlantic New York
New Jersey West South Central Arkansas
Pennsylvania Louisiana
Texas
South Atlantic Delaware Oklahoma
Maryland
District of Columbia Mountain Montana
Virginia Wyoming
West Virginia Colorado
North Carolina New Mexico
South Carolina Arizona
Georgia Utah
Florida Idaho
Nevada
East North Central Ohio
Michigan Pacific Washington
Indiana Oregon
lllinois California
Wisconsin Alaska
Hawaii
East South Central Kentucky
Tennessee
Mississippi
Alabama
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Appendix Exhibit VIII.6: Outlier Stay and Payment Percentages under Five Total Outlier Payment
Policies, by RUG-IIl Group

RUG-III Group QOutlier Stay Percents Outlier Payment Percents
1% 2% 3% 4% 5% 1% 2% 3% 4% 5%

RUC 15 29 48 66 93 05 10 15 19 23
RUB 09 20 37 57 81 04 07 11 15 20
RUA 08 14 22 35 53 06 10 14 17 21
RVC 11 28 58 94 123 06 13 20 29 37
RVB 06 20 40 66 95 02 06 11 17 24
RVA 04 17 36 58 84 03 07 13 19 27
RHC 07 21 46 73 104 04 11 18 27 36
RHB 04 17 42 77 121 04 09 17 27 39
RHA 03 15 33 57 87 04 10 18 28 40
RMC 1.3 29 47 69 97 13 23 33 42 51
RMB 08 28 54 89 127 07 16 26 38 51
RMA 05 17 38 66 92 06 13 24 36 49
RLB 48 102 170 204 245 31 80 121 150 175
RLA 06 32 84 145 213 03 19 43 76 108
SE3 19 41 62 87 107 21 43 61 77 92
SE2 10 24 40 58 76 1.6 30 43 55 67
SE1 02 05 05 16 25 16 20 23 27 32
Ssc 05 14 27 39 54 05 08 12 16 20
SSB 07 21 35 54 75 03 09 15 21 27
SSA 24 52 84 116 152 35 66 92 116 137
cc2 11 11 11 11 11 02 09 12 14 16
ccl 10 14 29 43 70 1.7 24 30 37 44
CB2 10 17 31 41 58 04 12 19 25 31
CB1 05 21 37 46 59 10 18 26 33 40
CA2 06 21 46 49 76 08 15 24 33 42
CAl 1.0 31 46 62 91 1.2 29 43 56 69
IB2 - - - - - - - - - -

IB1 - - 04 04 16 - - 01 03 05
IA2 - - - - 333 - - - - 1.4
IAL - - 09 14 32 - - 03 09 15
BB2 - - - - - - - - - -

BB1 - - - 42 83 - - - 1.3 28
BA2 - - - - - - - - - -

BAL - - - 1.4 29 - - - 0.7 16
PE2 - R - - - - R - - R

PE1 - 06 12 12 23 - 02 09 13 18
PD2 - 59 59 176 235 - 01 18 46 7.1
PD1 07 22 29 38 50 05 23 38 50 63
PC2 - - - - - - - - - -

PC1 - - - - 1.0 - - - - 0.3
PB2 - - - - - - - - - -

PB1 - 07 07 20 27 - 09 16 27 37
PA2 - - - - - - - - - -

PA1 0289 20 3.2 - 5.2 08 222 433 609 78

Note: Based on RUG-IIl assignments that reflect 75 percent or more of a stay. This restriction was used to allow outlier results
associated with a RUG-III group to reflect stays that are generally characterized by that RUG-III assignment. Results for eight RUG-III
groups are based on extremely small (n<30) sample sizes: IB2, IA2, BB1, PE2, PD2, PC2, PB2, PA2.
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Appendix Exhibit VIII.7: Outlier Stay and Payment Percentages under Eight NTA Outlier Payment
Policies, by RUG-III Category

RUG-III Category Qutlier Stay Percents Qutlier Payment Percents
1% 2% 3% 4% 5% 10% 15% 16% 1% 2% 3% 4% 5% 10% 15% 16%

Rehabilitation 01 03 05 08 12 39 79 85 03 08 13 19 25 64 11.1 119
Extensive Services 04 10 16 22 30 7.2 125133 21 43 64 84 104 20.6 30.9 325
Special Care 04 15 23 34 43 104 176 186 3.6 7.1 10.7 14.1 17.5 33.9 50.0 524
Clinically Complex 02 06 10 14 19 50 101109 12 33 52 7.0 88 182 28.4 30.0
Impaired Cognition 00 00 00 00 00O 14 47 55 00 00 00 00 00 46 13.1 153

Behavioral Problems 00 00 00 00 00 22 43 75 00 00 00 00 00 24 158 19.3
Reduced Physical
Function 00 00 00 01 02 16 55 57 00 00 00 03 06 7.7 209 23.6

Note: Based on RUG-III assignments that reflect 75 percent or more of a stay. This restriction was used to allow outlier
results associated with a RUG-III group to reflect stays that are generally characterized by that RUG-III assignment.
Results for eight RUG-III groups are based on extremely small (n<30) sample sizes: IB2, A2, BB1, PE2, PD2, PC2, PB2,
PA2.
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Appendix Exhibit VIII.8: Outlier Stay and Payment Percentages under Eight NTA Outlier Payment

Policies, by RUG-III Group

RUG-IIl Group Outlier Stay Percents Outlier Payment Percents
1% 2% 3% 4% 5% 10% 15% 16% 1% 2% 3% 4% 5% 10% 15% 16%
RUC 02 05 11 13 18 29 5.1 53 0.1 0.3 0.7 1.1 1.5 3.0 4.3 4.5
RUB 00 02 03 04 06 17 33 36 00 01 03 05 07 1.8 30 32
RUA 00 00 00 02 03 14 24 27 00 00 00 01 0.2 1.3 28 31
RVC 0.1 04 09 13 13 50 9.2 9.7 0.0 0.4 0.9 1.5 2.1 5.0 8.8 9.4
RVB 0.1 03 04 07 10 31 5.6 5.9 0.2 0.6 0.9 1.3 1.7 4.0 6.5 6.9
RVA 01 03 05 06 09 28 5.6 6.0 0.1 0.7 1.3 1.9 24 59 10.0 10.6
RHC 01 03 06 09 13 42 8.2 8.9 0.2 0.6 1.1 1.7 2.3 59 102 109
RHB 00 01 03 05 09 34 74 81 02 04 038 1.2 17 53 103 112
RHA 01 02 03 06 09 36 77 85 0.8 14 21 2.9 38 101 185 19.9
RMC 02 06 10 15 21 56 101 10.8 0.9 1.7 25 3.5 4.4 9.7 153 16.1
RMB 02 04 08 11 17 52 101 111 0.4 1.2 2.0 2.9 3.9 9.7 165 17.7
RMA 0.1 03 06 09 14 44 9.7 104 0.6 1.4 2.5 3.6 48 126 222 238
RLB 20 48 6.8 82 88 177 231 231 16.2 298 41.1 50.1 57,5 86.7 110.8 114.1
RLA 00 00 03 10 13 81 168 17.7 0.0 0.0 0.2 1.7 3.5 20.8 455 495
SE3 05 13 21 29 40 93 150 159 23 47 6.9 91 113 223 331 347
SE2 03 09 13 18 25 6.2 113 122 19 40 60 7.9 98 194 295 311
SE1 02 02 05 05 05 11 36 45 25 40 51 6.2 69 9.3 138 148
SSC 04 10 14 20 24 49 8.5 8.7 1.7 3.0 4.2 5.3 6.3 105 149 156
SSB 0.2 07 08 13 19 59 94 101 0.6 2.0 3.0 3.7 4.6 9.3 145 153
SSA 05 18 29 41 53 126 214 225 6.2 11.7 18.0 239 29.8 583 858 90.0
CcC2 00 00 00 0O OO 11 64 74 00 00 00 00 00 05 33 39
CC1 00 02 07 07 12 31 48 58 00 0.6 13 20 27 65 104 111
CcB2 00 03 10 1.7 21 55 110 116 0.0 0.2 1.2 26 41 108 18.7 20.0
CB1 04 05 06 10 16 39 88 93 0.9 29 42 53 6.5 133 209 221
CA2 03 09 24 30 36 7.0 143 155 35 6.3 102 146 18.2 327 474 498
CAl 03 07 11 16 20 59 114 123 2.1 5.3 83 112 139 289 448 474
1B2 00 00 00 0O OO 00 00 00 00 00 00O 00 00 00 00 00
IB1 00 00 00 0O 0O 04 35 47 00 00 O00 00 00 02 47 6.2
1A2 00 00 00 00O 00 00 00 00 00 00 00 O00 00 00 00 00
1A1 00 00O 00 00 00 27 64 6.8 00 00 00 ©00 00 124 284 319
BB2 00 00 00 00 00 00 00 o00 00 00 00 ©00 00 00 00 00
BB1 0.0 00 00 00 00 42 8.3 8.3 0.0 0.0 0.0 0.0 0.0 0.3 186 219
BA2 0.0 00 00 00 0.0 o0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
BAl 00 00 00 00 00 14 2.9 7.2 0.0 0.0 0.0 0.0 0.0 34 144 18.0
PE2 00 00 00 0O 0O 00 00 00 00 00 oO00O 00 00 00 00 00
PE1 00 00 00 00 00 12 58 58 00 00 00 00 00 1.0 92 110
PD2 00 00 00 00 00 59 176 176 00 00 00 00 00 170 343 374
PD1 00 00 00 02 02 17 55 57 00 00 00 0.6 12 78 19.0 212
PC2 0.0 00 00 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
PC1 0.0 00 00 00 0.0 0.0 1.0 1.0 0.0 0.0 0.0 0.0 0.0 0.0 5.0 5.6
PB2 00 00 00 0O OO 00 00 00 00 00 00O 00 00 00 00 00
PB1 00 00 00 0O OO 00 40 40 00 00 00O 00 00O 00 54 84
PA2 00 00 00 00 0.0 0.0 500 500 00 00 00 00 00 00 518 856
PAl 00 00O 00O 00O 06 26 66 7.2 00 00 00 00 08 195 493 544

Note: Based on RUG-IIl assignments that reflect 75 percent or more of a stay. This restriction was used to allow outlier results associated with a
RUG-III group to reflect stays that are generally characterized by that RUG-III assignment. Results for eight RUG-III groups are based on
extremely small (n<30) sample sizes: IB2, IA2, BB1, PE2, PD2, PC2, PB2, PA2.



Appendix Exhibit VIII.9: Outlier Stay and Payment Percentages under Eight NTA Outlier Payment

Policies, by Facility Characteristics

Outlier Stay Percents

Outlier Payment Percents

Number Number
Characteristic SNFs (in Stays (in 1% 2% 3% 4% 5% 10% 15% 16% 1% 2% 3% 4% 5% 10% 15% 16%
sample) sample)

All 1,386 170,253 03 07 12 17 23 58 100 10.7 10 20 29 39 48 9.2 13.2 1338
Free Standing 1,203 126,948 02 05 09 13 17 40 67 71 07 14 21 27 34 6.2 89 093
Hospital Based 183 43,305 04 12 21 31 42 113 198 212 22 45 6.8 90 11.2 214 298 31.0
Rural 430 35,863 03 08 13 19 26 63 109 116 15 26 36 46 57 104 147 153
Urban 956 134,390 0.2 07 12 17 23 57 98 105 09 18 28 37 46 89 129 135
Non-profit 361 56,302 03 09 14 21 29 76 135145 12 26 39 52 65 128 185 194
Government 80 11,033 03 09 18 25 36 97 172 182 16 31 48 65 81 16.3 234 244
For-profit 945 102,918 02 06 10 14 19 44 74 78 09 16 24 31 38 7.0 99 103
Chain 786 85,074 02 06 11 15 19 46 76 81 09 17 25 32 39 7.2 102 106
Non-chain 159 17,844 02 05 09 12 16 38 63 69 06 13 19 25 32 6.0 86 9.0
0-49 Medicare beds 595 73,947 03 09 15 22 30 7.8 137 146 13 27 40 54 6.7 131 19.0 198
50-99 Medicare beds 436 42,872 03 07 11 16 20 48 80 86 11 19 28 36 43 7.8 111 115
100+ Medicare beds 355 53,434 02 05 09 12 16 39 66 70 06 13 19 25 31 59 85 89
0-9% Medicare days 704 45,657 02 06 10 13 17 39 6.8 72 12 20 27 34 41 71 99 104
10%-15% Medicare days 372 46,284 02 06 09 13 17 40 69 73 05 12 18 24 30 58 85 89
16%-25% Medicare days 142 28,020 02 06 10 14 17 40 68 72 09 16 22 29 35 6.3 88 9.2
25%+ Medicare days 168 50,292 03 11 18 27 38 101 177 189 16 35 54 7.3 9.2 18.2 25.8 269
New England 112 12,382 01 03 06 09 13 34 65 70 03 07 12 17 22 47 75 7.9
Mid-Atlantic 171 29,087 02 06 10 14 18 46 84 90 07 14 21 28 34 6.7 99 104
South Atlantic 216 31,533 02 07 13 18 24 58 98 104 06 15 24 34 43 8.7 127 133
East North Central 273 34,341 03 06 11 16 21 51 89 95 12 22 3.0 39 48 8.8 125 13.1
East South Central 93 12,768 04 09 14 17 21 54 97 105 18 3.0 41 51 6.0 10.1 14.0 145
West North Central 155 12,486 02 07 12 18 25 6.3 113 121 16 2.7 38 48 59 11.3 16.2 16.9
West South Central 143 13,237 05 14 24 35 48 118 192 204 22 42 6.2 81 10.0 185 254 26.4
Pacific 146 16,135 02 08 12 17 23 59 99 105 09 20 31 4.0 50 9.7 142 148
Mountain 75 7,995 02 05 11 18 23 6.0 102 108 05 13 22 32 42 89 133 139
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Appendix Exhibit VIII.10

Outlier Stay and Payment Percentages under Eight NTA Outlier Payment Policies, by Facility Characteristics (Using Alternative Loss-Share Methodology)

Outlier Stay Percents

Qutlier Payment Percents

1% 2% 3% 4% 5% 10% 15% 16% 1% 2% 3% 4% 5% 10% 15% 16%

All 0.3 0.7 1.2 1.8 2.4 5.9 101 11.0 1.0 2.0 2.9 3.9 4.8 9.1 13.0 13.8
Free-Standing 0.2 0.5 0.9 13 17 4.0 6.7 7.3 0.8 15 2.2 2.8 3.4 6.4 9.0 9.6
Hospital Based 0.4 12 21 31 4.3 11.4 19.9 21.8 21 4.3 6.5 8.7 10.8 20.6 28.7 30.2
Rural 0.3 0.8 13 1.9 2.6 6.4 10.9 12.0 15 2.6 3.6 4.6 5.6 10.3 14.4 153
Urban 0.2 0.7 12 1.7 2.3 5.8 9.9 10.7 0.9 18 2.8 3.7 4.6 8.8 12.7 135
Non-profit 0.3 0.9 15 22 3.0 7.7 13.6 14.8 12 25 3.8 5.0 6.3 12.5 18.0 191
Government 0.3 0.9 18 2.6 3.6 9.8 17.3 18.7 1.6 3.0 4.6 6.2 7.8 15.7 225 23.8
For-profit 0.2 0.6 11 14 19 4.5 7.4 8.1 0.9 1.7 24 3.2 3.9 7.1 10.0 10.6
Chain 0.2 0.6 11 15 19 4.6 7.6 8.3 0.9 1.7 25 33 4.0 7.3 10.2 10.8
Non-chain 0.2 0.5 0.9 12 16 3.9 6.4 7.0 0.6 13 20 2.6 3.2 6.1 8.7 9.2

0 - 49 Medicare beds 0.3 0.9 15 22 3.0 7.9 13.7 15.0 1.3 2.6 4.0 5.3 6.6 12.9 18.4 195
50 - 99 Medicare beds 0.3 0.7 11 1.6 21 4.9 8.1 8.8 11 2.0 2.8 3.6 4.4 7.9 111 11.7
100+ Medicare beds 0.2 0.5 0.9 13 16 3.9 6.6 7.2 0.6 13 1.9 2.6 3.2 6.0 8.5 91
0% - 9% Medicare days 0.3 0.6 1.0 13 17 4.0 6.8 75 1.2 2.0 2.7 34 4.1 7.2 10.0 10.6
10%-15% Medicare days 0.2 0.6 0.9 13 17 4.1 6.9 75 0.5 12 1.8 25 31 5.9 8.6 9.1
16%- 25% Medicare days 0.2 0.6 1.0 14 18 4.1 6.9 7.4 0.9 16 2.3 2.9 3.6 6.4 8.9 9.5
25%+ Medicare days 0.4 11 1.9 2.8 3.9 10.3 17.8 194 1.6 34 53 7.1 8.9 17.6 24.9 26.3
New England 0.1 0.3 0.6 0.9 13 3.4 6.6 7.3 0.3 0.7 12 1.7 2.2 4.8 7.5 8.1
Mid-Atlantic 0.2 0.6 1.0 14 18 4.7 8.4 9.2 0.7 14 21 2.8 35 6.8 9.9 10.6
South Atlantic 0.2 0.7 13 1.8 25 5.9 9.8 10.6 0.6 15 25 34 4.4 8.7 12.6 13.4
East North Central 0.3 0.6 11 16 21 52 8.9 9.7 12 2.2 31 4.0 4.8 8.8 12.4 13.2
East South Central 0.4 0.9 14 1.7 21 54 9.8 10.8 18 3.0 4.1 5.0 5.9 9.9 13.6 14.4
West North Central 0.3 0.7 1.2 18 25 6.5 11.3 12.4 1.6 2.7 3.7 4.8 5.9 111 15.8 16.7
West South Central 0.5 14 24 35 4.9 12.0 19.2 20.9 21 4.1 6.0 7.9 9.8 18.1 24.7 25.9
Pacific 0.2 0.8 1.2 1.7 2.3 6.0 10.2 11.2 0.9 2.0 31 4.0 5.0 9.6 13.9 14.7
Mountain 0.2 0.5 1.2 1.8 2.3 6.1 10.0 10.8 0.5 1.3 2.2 3.2 4.2 8.9 13.2 14.0




Appendix Exhibit VIII.11: Average Outlier Payments Across all Stays under Eight NTA
Outlier Payment Policies, by Facility Characteristics

Average Outlier Payments per Stay

Number Number
SNFs (in Stays(in 1% 2% 3% 4% 5% 10% 15% 16%
sample) sample)
All 1,386 170,253 11 22 32 42 53 101 146 153
Free-standing 1,203 126,948 9 18 26 33 41 74 104 109
Hospital Based 183 43,305 16 34 51 69 87 180 268 281
Rural 430 35,863 15 26 36 47 57 105 148 155
Urban 956 134,390 10 21 31 41 51 100 145 152
Non-profit 361 56,302 11 24 37 49 62 125 185 194
Government 80 11,033 14 26 40 55 69 145 218 229
For-profit 945 102,918 10 20 29 38 46 83 117 121
Chain 786 85,074 11 21 30 39 48 86 121 126
Non-chain 159 17,844 7 15 22 30 37 69 97 101
0-49 Medicare beds 595 73,947 12 25 37 50 63 127 187 196
50 - 99 Medicare beds 436 42,872 13 23 33 42 51 92 128 133
100+ Medicare beds 355 53,434 8 16 24 32 39 73 103 108
0% - 9% Medicare days 704 45,657 13 22 31 38 46 79 109 113
10%-15% Medicare days 372 46,284 6 15 22 30 37 71 101 106
16%- 25% Medicare days 142 28,020 12 21 29 38 46 81 113 117
25%+ Medicare days 168 50,292 13 28 44 60 77 160 239 251
New England 112 12,382 4 9 14 20 26 56 87 91
Mid-Atlantic 171 29,087 8 17 26 35 43 82 120 126
South Atlantic 216 31,533 6 16 26 37 47 95 137 144
East North Central 273 34,341 14 24 33 43 52 96 135 141
East South Central 93 12,768 19 31 42 52 61 103 142 148
West North Central 155 12,486 15 24 34 44 54 104 150 157
West South Central 143 13,237 20 40 60 79 99 193 276 288
Pacific 146 16,135 10 24 37 48 59 116 170 178
Mountain 75 7,995 5 13 22 32 42 91 136 143
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Appendix Exhibit VIII.12: Average Outlier Payments Across all Stays under Eight NTA

Outlier Payment Policies, by Facility Characteristics (Using Alternative Loss-Share

Methodology)

Average Outlier Payments per Stay

1% 2% 3% 4% 5% 10% 15% 16%
Al 11 22 32 42 53 100 144 153
Free-Standing 9 18 26 34 42 76 106 112
Hospital Based 16 32 49 67 84 172 255 271
Rural 15 26 36 46 56 104 146 154
Urban 10 21 31 41 51 100 143 152
Non-profit 11 24 36 48 60 122 179 191
Government 13 25 39 53 66 139 207 221
For-profit 11 20 30 38 47 85 118 124
Chain 11 21 31 40 49 88 122 128
Non-chain 8 16 23 31 29 71 99 105
0-49 Medicare beds 12 24 37 49 62 124 181 193
50 - 99 Medicare beds 13 23 33 43 52 93 128 136
100+ Medicare beds 8 17 25 33 40 74 104 110
0% - 9% Medicare days 13 23 31 39 47 81 110 116
10%-15% Medicare days 6 15 23 31 38 72 103 109
16%- 25% Medicare days 12 21 30 39 47 83 114 120
25%+ Medicare days 12 27 43 58 74 154 228 244
New England 9 15 21 27 57 87 94
Mid-Atlantic 18 27 35 43 83 120 128
South Atlantic 16 27 37 47 95 136 145
East North Central 14 24 34 43 53 96 134 142
East South Central 19 31 42 52 60 101 139 146
West North Central 14 24 34 43 53 101 145 155
West South Central 20 39 58 77 96 187 266 282
Pacific 10 24 36 48 59 115 167 177
Mountain 5 13 22 32 43 91 135 144
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Appendix Exhibit VIII.13: Ratios of Total Payments to Costs under Eight NTA Outlier

Payment Policies, by Facility Characteristics

Ratio of
RUG-III
Payments
to Costs Ratio of Total NTA Payments to Costs per
per Stay Stay
Number Number .
i . No Outlier
SNFs (in Stays (in Policy 1% 2% 3% 4% 5% 10% 15% 16%
sample) sample)
All 1,386 170,253 0.95 095 0.95 0.95 0.95 0.95 0.95 0.95 0.95
Free-standing 1,203 126,948 1.08 108 1.08 108 1.08 1.08 1.08 1.08 1.08
Hospital Based 183 43,305 0.59 059 0.60 0.60 0.60 0.60 0.61 0.62 0.62
Rural 430 35,863 0.94 094 094 094 094 094 094 094 091
Urban 956 134,390 0.96 096 0.96 096 096 0.96 096 0.96 0.96
Non-profit 361 56,302 0.78 0.78 0.78 0.78 0.78 0.78 0.78 0.79 0.79
Government 80 11,033 0.68 0.68 0.68 0.68 0.68 0.68 0.69 0.69 0.70
For-profit 945 102,918 1.09 1.09 109 109 1.08 1.08 1.08 1.08 1.08
Chain 786 85,074 1.09 1.09 1.09 1.09 1.09 1.09 1.09 1.08 1.08
Non-chain 159 17,844 1.07 1.07 106 106 106 1.06 1.06 1.06 1.06
0-49 Medicare beds 595 73,947 0.80 0.80 0.80 0.80 0.80 0.80 0.80 0.81 0.81
50 - 99 Medicare beds 436 42,872 1.05 1.05 105 105 105 1.05 1.05 1.05 1.05
100+ Medicare beds 355 53,434 1.09 1.09 109 109 1.09 1.09 1.08 1.08 1.08
0% - 9% Medicare days 704 45,657 1.06 1.06 1.06 1.06 1.06 1.06 1.05 1.05 1.05
10%-15% Medicare days 372 46,284 1.09 1.09 1.09 1.09 1.09 1.09 1.08 1.08 1.08
16%- 25% Medicare days 142 28,020 1.12 1.12 112 112 112 112 111 111 111
25%+ Medicare days 168 50,292 0.66 0.66 0.66 0.66 0.66 0.66 0.67 0.68 0.68
New England 112 12,382 1.02 1.02 1.02 1.02 1.02 1.02 1.01 1.01 1.01
Mid-Atlantic 171 29,087 0.99 099 0.99 099 0.99 0.99 099 0.99 0.99
South Atlantic 216 31,533 0.97 0.97 0.97 097 097 0.97 097 0.97 0.97
East North Central 273 34,341 0.95 095 095 095 095 0.95 095 0.95 0.95
East South Central 93 12,768 0.93 0.93 0.93 093 093 0.93 093 0.93 0.93
West North Central 155 12,486 0.86 0.86 0.86 086 0.86 0.86 0.86 0.86 0.86
West South Central 143 13,237 0.80 080 0.81 081 081 0.81 082 0.82 0.83
Pacific 146 16,135 1.02 1.02 1.02 1.02 1.02 1.02 1.02 1.02 1.02
Mountain 75 7,995 0.97 0.97 0.97 097 0.97 0.97 097 0.97 0.97
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