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1. EXECUTIVE SUMMARY

NOTE: This report has been updated to reflect recent testing on expansion of the measure cohort to
include Medicare Advantage beneficiaries. All other measure specifications remain the same.
Information on the methodology and results of testing are presented in Appendix G.

Goal of Measure

The goal of developing a Hybrid Hospital-Wide (All-Condition, All-Procedure) Risk-Standardized Mortality
Measure with Electronic Health Record-Extracted Risk Factors, or Hybrid HWM Measure, was to broadly
measure the quality of care across hospitals, including smaller-volume hospitals. This measure will
provide information to hospitals that can facilitate targeted quality improvement, provide more
transparent information for the public, and allow policymakers to monitor a very important outcome. In
addition, the goal of this Hybrid HWM Measure, which employs a combination of administrative claims
data and clinical electronic health record (EHR) data, is to minimize provider burden while enhancing
clinical case mix adjustment with clinical data.

Background and Rationale

Mortality is an important health outcome that is meaningful to patients and providers, and estimates
suggest that more than 400,000 patients die each year from preventable harm in hospitals. The vast
majority of patients admitted to the hospital have survival as a primary goal. Existing condition-specific
mortality measures support targeted quality improvement work and may have contributed to national
declines in hospital mortality rates for measured conditions and/or procedures.? They do not, however,
allow for measurement of a hospital’s broader performance, nor do they meaningfully capture
performance for smaller volume hospitals. While we do not ever expect mortality rates to be zero,
studies have shown that, for selected conditions and diagnoses, mortality within 30 days of hospital
admission is related to quality of care and that high and variable mortality rates across hospitals indicate
opportunities for improvement.>* Therefore, it is reasonable to consider an all-condition, all-procedure,
risk-standardized 30-day mortality rate as a quality measure.

Development of a hospital-wide mortality measure that includes EHR data addressed stakeholder
preference for the use of patient-level clinical EHR data to support risk adjustment in assessing hospital
performance by using data from claims as well as clinical data elements pulled from the EHR for risk
adjustment.

Measure Development Process

This measure aims to report the hospital-level, risk-standardized rate of mortality within 30 days of
hospital admission for most conditions or procedures. The Center for Outcomes Research and Evaluation
(CORE) initially developed a Claims-only HWM measure, and then built upon the Claims-only HWM
measure by utilizing the same concept, outcome, and cohort, and adding clinical data elements extracted
from EHR to augment the risk adjustment models. This report focuses on the Hybrid HWM measure,
which was developed in a small sample of hospitals with EHR data. We refer to Claims-only HWM
development and results where necessary, for example, where specialty division results were not able to
be produced in the Hybrid HWM measure.

CORE initiated development of the measure by conducting an extensive literature review and
environmental scan to inform measure development. We also engaged with several stakeholder groups



throughout the development process, including providers, technical experts, and patients and family
caregivers. We solicited feedback on the measure concept, outcome, cohort, risk model variables
(including claims variables and clinical EHR variables), and how to develop and report measure results in
a meaningful way. These engagements have included two advisory groups in the form of a Technical
Work Group and a Patient and Family Caregiver Work Group. We also convened a national Technical
Expert Panel (TEP) consisting of a diverse set of stakeholders, including providers and patients who
reviewed final measure results and voted on face validity. We also hosted two public comment periods to
solicit input from the general public. The first public comment period was hosted in 2016, where we
specifically requested input on the cohort, outcome, and approach to grouping patients by condition and
procedure for risk adjustment. The second public comment period was hosted in 2018 and presented the
measure specifications and results utilizing International Classification of Disease, Ninth Revision (ICD-9)
data. Subsequently the measure was re-specified in ICD-10 data and National Quality Forum (NQF)
endorsed in 2019, which included an additional opportunity for public comment. This report focuses on
results from the final measure specified in ICD-10 data, and refers to initial development results where
applicable.

Measure Specifications Overview

Our cohort definition attempts to capture as many admissions as possible for which survival would be a
reasonable indicator of quality and for which adequate risk adjustment is possible. We assumed survival
would be a reasonable indicator of quality for admissions fulfilling two criteria: 1) survival is most likely
the primary goal of the patient when they enter the hospital; and 2) the hospital can reasonably influence
the chance of survival through quality of care. We determined the adequacy of risk adjustment using
clinical judgement and by examining survival patterns and model performance. Therefore, we included in
the measure all admissions except those for which 30-day mortality cannot reasonably be considered a
signal of quality care.

The outcome for this measure is all-cause 30-day mortality. We define all-cause mortality as death from
any cause within 30 days of the index hospital admission date.

To compare mortality performance across hospitals, the measure accounts for differences in patient
characteristics (patient case mix) as well as differences in mixes of services and procedures offered by
hospitals (hospital service mix). We account for differences in patient case mix using patient clinical
comorbidity variables from claims and patient clinical data derived from the EHR. We account for
differences in hospital service mix using the patient’s principal discharge diagnosis.

Rather than assume that the effects of risk variables are homogeneous across all discharge condition and
procedure categories, we separated the cohort into 15 different service-line divisions and estimated
separate risk models within each. We then derived a single summary score from the results of the 15
models by combining separate standardized mortality ratios to calculate one hospital-wide mortality rate
for each hospital. Using 15 models rather than a single model allows for better risk adjustment for
diverse patient groups and improves the usability of the measure. The service-line divisions allow
hospitals and consumers to have more detailed information on hospital performance. The 15 service-line
divisions include the non-surgical divisions: Cancer, Cardiac, Gastrointestinal, Infectious Disease,
Neurology, Orthopedics, Pulmonary, Renal, Other; and the surgical divisions: Cancer, Cardiothoracic,
General, Neurosurgery, Orthopedics, Other. While the measure is intended to include all 15 service-line
divisions, the dataset used to develop and test the Hybrid HWM Measure did not contain enough




patients in the non-surgical Cancer and surgical Cardiothoracic, Cancer, Neurology, Orthopedics, and
Other service-line divisions, so most of the Hybrid Measure testing results only capture 9 service-line
divisions. We provide results from the Claims-only HWM measure for these other service-line divisions
because the Hybrid HWM Measure uses the same concept, cohort, outcome and claims-based risk
adjustment variables as the Claims-only HWM measure; therefore, there is no conceptual reason that the
results from the Claims-only HWM measure would be substantially dissimilar to results from the Hybrid
HWM Measure.

The Hybrid HWM measure utilizes some data derived from hospital EHR systems. To use these data to
calculate the measure, CMS provides electronic specifications in the form of the Measure Authoring Tool
(MAT) Output. The Hybrid HWM Measure uses much of the same measure logic as is used in the
electronic specifications for the Hybrid Hospital-Wide Readmission (HWR) Measure. The Hybrid HWM
Measure electronic specifications can be found at the Electronic Clinical Quality Improvement (eCQl)
Resource Center here: https://ecqi.healthit.gov/pre-rulemaking-eh-cah-ecgms.

This report serves as a summary of the measure development, stakeholder input, measure specifications,
and measure testing for the Hybrid HWM Measure.


https://ecqi.healthit.gov/pre-rulemaking-eh-cah-ecqms

2. INTRODUCTION

NOTE: This report has been updated to reflect recent testing on expansion of the measure cohort to
include Medicare Advantage beneficiaries. All other measure specifications remain the same.
Information on the methodology and results of testing are presented in Appendix G.

Overview of Report

The Centers for Medicare & Medicaid Services (CMS) contracted with Yale New Haven Health
System/Center for Outcomes Research and Evaluation (YNHHS/CORE) to develop a Hybrid Hospital-Wide
(All-Condition, All-Procedure) Risk-Standardized Mortality Measure with Electronic Health Record
Extracted Risk Factors based on administrative claims data and clinical electronic health record (EHR)
data. Throughout this report, we refer to this measure as the Hybrid HWM Measure.

Mortality is an important outcome that is meaningful to patients and providers. The vast majority of
patients admitted to the hospital have survival as a primary goal. This important outcome is already the
focus of existing CMS condition- and procedure-specific mortality quality measures; hospital-level risk-
standardized mortality rates (RSMRs) are reported for patients admitted for heart failure, pneumonia,
acute myocardial infarction, chronic obstructive pulmonary disease, stroke, and coronary artery bypass
graft surgery.>® Existing mortality measures support targeted quality improvement work around specific
conditions and may have contributed to national declines in hospital mortality rates for measured
conditions and/or procedures.? They do not, however, capture admissions for patients admitted for a
majority of the conditions or procedures for which a patient may use the hospital or allow for
measurement of a hospital’s broader performance. In addition, the condition and procedure-specific
mortality measures do not always allow for performance measurement for smaller volume hospitals.

In Medicare data from July 2016 through June 2017, there were approximately ten million inpatient
admissions among Medicare fee-for-service (FFS) beneficiaries between ages 65 and 94 across 4,700
United States (US) hospitals. The observed 30-day mortality rate was 8.17%. A HWM measure is likely to
capture about 6.5 million of those admissions across 4,700 hospitals, allowing for broad performance
measurement and quality improvement efforts.

In addition to the obvious harm to individuals and their families and caregivers that results from
preventable death, there are also significant financial costs to the healthcare system. Capturing monetary
savings for preventable mortality events is challenging, as patients who die may incur fewer expenses
than those who survive. Further, distinguishing between truly preventable hospital deaths and those
deaths that are truly not preventable is challenging. However, using two estimates of the number of
deaths due to preventable medical errors, and assuming an average of ten lost years of life per death
(valued at $75,000 per year in lost quality adjusted life years), the annual direct and indirect cost of
potentially preventable deaths could be as much as $73.5 to $735 billion.”®

Under contract with CMS, CORE had previously identified a set of core clinical data elements (CCDE) that
are routinely collected on hospitalized adults, feasibly extracted from hospital EHR systems, and are
related to patients’ clinical status at the start of an inpatient encounter. The CCDE are the first captured
vital signs and laboratory results. The CCDE have been utilized in conjunction with administrative claims
data to create hybrid outcome measures, which are quality measures that utilize more than one source
of data. The Hybrid HWM Measure builds upon the initial CCDE work and the Hybrid Hospital-Wide (All-
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Condition, All-Procedure) Risk-Standardized Readmission (HWR) Measure by using the CCDE as additional
candidate risk variables to test various risk models and develop the Hybrid HWM Measure. For more
information on how the CCDE were originally developed, please refer to the Core Clinical Data Elements
Technical Report and the Hybrid HWR Measure with Electronic Health Record Extracted Risk Factors
report posted at https://www.cms.gov/Medicare/Quality-Initiatives-Patient-Assessment-
Instruments/HospitalQualitylnits/Measure-Methodology.html under “Core Clinical Data Elements and
Hybrid Measures.zip”. For testing results of the electronic specifications of the CCDE, we refer readers to

the Hybrid HWR Measure with Electronic Health Record Extracted Risk Factors Data posted on Quality
Positioning System section of the National Quality Forum (NQF) website.

In this technical report, we provide detailed information on the development and specifications of the
Hybrid HWM Measure. This includes details on the major decisions to form the cohort, the outcome, and
the divisions. It also includes information on risk adjustment, measure testing, and reporting
considerations. The Hybrid HWM Measure complies with accepted standards for outcomes measure
development, including appropriate risk adjustment and transparency of specifications. Our goal is to
include admissions for patients for whom mortality is likely to present a quality signal and those where
the hospital has the ability to influence the outcome for the patient. The performance metric, RSMRs, are
derived from the combined results of multiple statistical models built for groups of admissions that are
clinically related and share similar risk profiles. This report reflects specifications that have been
developed with close input from patients, caregivers, clinicians and methodological experts. In addition,
the measure reflects input from a nationally convened Technical Expert Panel (TEP) representing a
diverse set of stakeholders as well as input from public comment periods.

Following initial development with International Classification of Disease, Ninth Revision (ICD-9) codes,
this Hybrid HWM Measure received conditional support from the Measure Application Partnership in
December 2017, and CMS signaled the possibility of including one or both of the HWM measures (Claims-
only and Hybrid measures) within the Inpatient Quality Reporting (IQR) program through the 2019
Inpatient Prospective Payment System (IPPS) Proposed Rule. Following ICD-10 re-specification, measure
results and testing for both measures were presented to the TEP and Technical Work Group. The Hybrid
HWM Measure was endorsed by the NQF in 2019.

Hospital-Wide Mortality as a Quality Indicator

Importance

Mortality is an unwanted outcome for the overwhelming majority of patients admitted to US hospitals.
Although mortality within 30 days of hospitalization is uncommon, this outcome provides a concrete
signal of care quality across conditions and procedures when assessed among appropriate patients. It
captures the result of care processes, such as peri-operative management protocols, and the impact of
both optimal care and adverse events resulting from medical care.

For some conditions and diagnoses, evidence supports that optimal medical care reduces mortality*>. We
know from ongoing improvements in condition- and procedure-specific mortality rates that interventions
to improve these outcomes are feasible.? Multiple organizations, including the Institute for Healthcare
Improvement (IHI), promote a range of evidence-based strategies to reduce hospital mortality'®. These
strategies include:
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e Adoption of strategies shown to reduce ventilator-associated pneumonia;t**

e Delivery of reliable, evidence-based care for acute myocardial infarction;***
e Prevention of adverse drug events though medication reconciliation;*®
e Prevention of central line infections through evidence-based guideline-concordant care;'’” and

e Prevention of surgical site infections through evidence-based guideline-concordant care.'® °

To reduce mortality, the IHI further encourages hospitals to use multidisciplinary rounds to improve
communication, employ Rapid Response Teams to attend to patients at the first sign of clinical decline,
identify high-risk patients on admission and increase nursing care and physician contact accordingly,
standardize patient handoffs to avoid miscommunication or gaps in care, and establish partnerships with
community providers to promote evidenced-based practices to reduce hospitalizations before patients
become critically ill.2° The IHI’s 100,000 Lives Campaign, which was created to enlist hospitals in a
coordinated effort to adopt the above interventions, led to an estimated more than 120,000 lives saved
over the first 18 months of the campaign.?

Some of the evidence-based recommendations above apply to specific diagnoses. While condition- and
procedure-specific initiatives to reduce mortality may broadly impact mortality rates across other
conditions and procedures, there is likely more to be gained by a measure of hospital-wide mortality that
can inform and encourage quality improvement efforts for patients not currently captured by existing
CMS mortality measures. In addition, there is evidence that a hospital’s organizational culture is linked to
key measures of hospital quality performance.? Since these cultural and leadership qualities affect the
entire hospital, the Hybrid HWM Measure may provide important incentives for hospitals not only to
examine their care processes and improve care for individual conditions, but may also provide incentives
to encourage care transformation and improve overall organizational culture.

In fact, because of its importance, hospital-wide mortality has been the focus of a number of previous
quality reporting initiatives in the US and other countries. Prior efforts have met with some success and a
number of challenges.? Despite these challenges, countries such as the United Kingdom, Scotland, and
Australia, continue to report measures of hospital-wide mortality.?*

From 1986 through 1993, the Health Care Financing Administration (now CMS) measured hospital-wide
mortality. Hospitals used this information to reduce avoidable deaths and closely examine hospital care
processes. However, this effort was stopped partly due to concerns over the adequacy of the case-mix
adjustment in the measure that was used, which was based on administrative claims data. The Hybrid
HWM Measure described in this report aims to address the limitations?> 2> 2 of the earlier measure
specifications, which led to the removal of the measure.?”%

Other hospital-wide mortality measures have been reported in the United Kingdom and Canada. These
prior efforts to measure hospital-wide mortality similarly faced a number of challenges including
concerns about adequate exclusion of patients for whom survival is not the primary goal, such as hospice
and palliative care patients; risk adjustment for disease severity; ability to distinguish between conditions
present on admission and events occurring after admission; and addressing imbalances in both case mix
and capability (for example, coronary artery bypass graft surgery performed or not) across hospitals.2% 3%
32 In developing the current Hybrid HWM Measure, we aimed to take advantage of advances in coding
and design of the measure to address prior challenges.
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While we do not expect optimal mortality rates to be zero, we know, as stated above, that studies have
shown that mortality within 30 days is related to quality of care; that interventions have been able to
reduce 30-day mortality rates for a variety of specific conditions; and that high and variable mortality
rates indicate opportunity for improvement. Therefore, it is reasonable to consider an all-condition, all-
procedure risk-standardized 30-day mortality rate as an important quality performance measure for
hospitals.

Feasibility

Since the initial CMS hospital-wide mortality effort, much has changed to improve potential feasibility.
Since 2015, administrative claims coding has advanced significantly. Advancements include the transition
from ICD-9 to ICD-10 with much more specificity in both diagnosis and procedure codes, allowing up to
25 diagnostic codes per admission encounter (previously there were only 10 available diagnostic codes)
and expanding the use of present on admission codes to signify conditions that were present prior to
admission. CMS also has the benefit of years of experience successfully calculating and reporting the
claims-based condition- and procedure-specific mortality measures, including performing chart-based
validation of a number of these measures. Additionally, CMS has reported results for the claims-based
Hospital-Wide Readmission (HWR) Measure since July 2013, which utilizes novel methods to aggregate
readmission rates across diverse patient cohorts, to adjust more accurately for service mix and begun
voluntary reporting of a Hybrid HWR measure in 2018. Moreover, CMS has further evolved its measure
development approach to expand stakeholder engagement across all phases of measure development
and to specifically include patients’ perspectives and input to ensure more patient-centered measures.
Therefore, it is now feasible to construct a measure which will be scientifically sound and acceptable to
stakeholders.

Finally, the use of electronic clinical data in this Hybrid HWM Measure will better account for more
critical clinical information about the patient’s health status at the time of arrival to the hospital. This
information can be incorporated into risk adjustment for more detailed clinical risk adjustment. This
electronic clinical information is now more broadly available, due to national incentives aimed at
increasing EHR adoption”, related work to standardize data element definitions across providers®, and
specific work by our team to develop and test CCDEs, some of which are used in this risk adjustment
model. The clinical data required in the risk adjustment model will be derived electronically from hospital
EHRs. We have previously tested the feasibility and validity of each of these data elements empirically
and have shown them to be consistently captured for nearly all adults hospitalized for acute care and
extractable from hospital EHRs. Since the EHR system used by these 22 hospitals (Epic) is widely used in
the US, we can make the reasoned inference that these data are representative. For testing results of the
CCDE included in the Hybrid HWR Measure, we refer readers to the specifications posted on the on
Quality Positioning System section of the NQF website.

" EHR Incentive Program. http://www.cms.gov/EHRIncentivePrograms/

" Health Information Technology (IT) for Economic and Clinical Health (HITECH) Act of 2009 provided Health and
Human Services with authority to establish programs to improve healthcare quality, safety, and efficiency through
the promotion of health IT, establishing the Office of National Coordinator to set standards, implementation
specifications, and certification criteria for electronic exchange and use of health information.
https://www.healthit.gov/policy-researchers-implementers/health-it-legislation-and-regulations
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Usability

A primary motivation for this measure was to provide policymakers with a summary performance
assessment of patient survival, particularly for lower volume hospitals that care for insufficient numbers
of patients to produce stable, reportable performance estimates for condition- and procedure-specific
measures. In addition, from the outset, CMS and CORE sought to make this measure broadly usable by
both patients and providers, as well as policymakers. Therefore, we approached this measure
development from three distinct perspectives — policymakers; providers; and patient and family
caregivers — in order to create a measure that provides meaningful, scientifically acceptable hospital
performance information for all of these user groups.

The multiple model approach, which uses results for each of the service-line division models to create the
overall hospital-wide mortality measure score, could increase the practical utility of the measure by
providing information on differences in performance among divisions (service-line areas) within
hospitals. This aspect of the measure will allow hospitals to better target quality improvement efforts.
The patient and family caregivers identified that information on the division level would be helpful for
consumers. Further consideration is needed to identify an approach that provides transparency and
granularity for consumers and ensures the division information displayed is a reliable representation of
quality within each service line for each hospital.

Approach to Measure Development

We developed this measure in consultation with national guidelines for publicly reported outcome
measures, following the technical approach to outcomes measurement set forth in NQF guidance for
outcome measures, CMS Measure Management System guidance, and the guidance articulated in the
American Heart Association scientific statement, “Standards for Statistical Models Used for Public
Reporting of Health Outcomes.”3* 34 This measure was originally developed in ICD-9 data, and later re-
specified in ICD-10. We have engaged with several stakeholder groups continuously during the
development process, eliciting feedback on the measure concept, outcome, cohort, risk model variables,
measure results, and how to present the measure results in a meaningful way for patients, family
caregivers, and providers. These have included two formal advisory groups:

e ATechnical Work Group, comprised of clinicians and a statistician; and
e A Patient and Family Caregiver Work Group comprised of patients, family members, and
caregivers for patients who have had multiple encounters with the healthcare system.

We also convened a national TEP of diverse stakeholders, including providers and patients, and hosted
two public comment periods in 2016 and 2018. The Hybrid HWM Measure was submitted to NQF and
endorsed in 2019.
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3. METHODS

Overview

This document aims to report the development and specifications of the measurement of hospital-level,
risk-standardized mortality within 30 days of hospital admission for most conditions or procedures using
administrative claims and EHR data. The measure produces a single score, derived from the results of
risk-adjustment models for 15 mutually exclusive divisions (admissions grouped based on categories of
discharge diagnoses or procedures). Hospitalizations are eligible for inclusion in the measure if the
patient was hospitalized at a non-Federal short-stay acute care hospital or critical access hospital. To
compare mortality performance across hospitals, the measure accounts for differences in patient
characteristics (patient case mix) as well as differences in mixes of services and procedures offered by
hospitals (hospital service mix).

The measure cohort, outcome, divisions, and approach to risk factors were initially developed in CMS
administrative claims data, with key decisions described below. Because there is currently no large
national dataset that includes patient-level EHR data to develop, test, and validate various risk models
using clinical EHR data, we used Kaiser Permanente Northern California (KPNC) data from their EHR data
warehouses; these data contain patient-level clinical variables (for example, laboratory test results, vital
signs, care directives) used to develop the risk-adjustment models for the Hybrid HWM Measure. KPNC
serves more than 4.4 million members at its 21 acute care hospitals. While the risk model was developed
and tested using these hospitals, the Hybrid HWM Measure is designed to be implemented in all non-
Federal short-stay acute care hospitals in the US. In this report, we have described the decisions and final
measure specifications as they would be implemented in the Medicare FFS population. However, for
development purposes, throughout this report we note where we used slightly modified specifications
that were necessary for testing purposes due to the smaller number of hospitals in the dataset provided
by KPNC, referred to as the Clinical Hybrid Re-specification Dataset (Section 3.2 Data Sources).
Throughout this Methods section, we focus on and outline the final measure specifications (as developed
for Medicare FFS population), and note the differences used for Hybrid HWM measure development
only. In the Results section of this report, we report results based on the modified measure specifications
using the Clinical Hybrid Re-specification Dataset. We refer to the Claims-only HWM measure for select
results that use the Medicare FFS data source and the Claims-only HWM measure specifications. To note,
this measure was originally developed using ICD-9 data (developed with claims data from July 2013-June
2014) and later re-specified for use with ICD-10 data. This report focuses on ICD-10 results and
supplements with original ICD-9 results where necessary.

This section provides details about the measure development and final measure specifications of the
Hybrid HWM Measure. Below we detail the data sources used, the measure cohort inclusion and
exclusion criteria, the outcome definition and attribution, the approach to risk adjustment, final risk
models, and approach to measure calculation.

Data Sources

To develop and re-specify the Hybrid HWM Measure including the cohort, outcome, service-line
divisions, and, for most of testing, we constructed multiple datasets, listed below.
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1. Medicare Claims-Only Measure Re-specification Dataset. Several sources of data derived from
Medicare FFS claims were used to define the measure specifications:

a.

Cohort and outcome:

i. Anindex dataset containing administrative inpatient hospitalization data,
enrollment data, and post-discharge mortality status for Medicare FFS
beneficiaries, 65 and older on admission, hospitalized from July 1, 2016 — June
30, 2017.

ii. Enrollment and mortality status were obtained from the Medicare Enroliment
Database, which contains beneficiary demographic, benefit, coverage, and vital
status between July 2016 to June 2017.

iii. Hospice enrollment data was also obtained from the Medicare Enrollment
Database, for patients enrolled into hospice between July 2016 to June 2017.

b. Case-mix risk adjustment:

i. A history dataset including inpatient hospitalization data on each patient for the
12 months prior to the index admission.

2. Clinical Hybrid Re-specification Dataset. Constructed KPNC matched administrative claims and
EHR data, admissions with discharge date from October 1, 2015 to December 30, 2016.

a.

Note: We expanded our measurement period to have enough data for measure
development purposes, from 12 months to 15 months. The final Hybrid HWM Measure
specifications would be a one-year measure, similar to the claims and Hybrid HWR
measures.

3. Surgical Mortality Hierarchy. A Medicare FFS claims dataset with mortality rates for surgical
admissions from July 1, 2013 to June 30, 2014, used to assign admissions to a surgical division
for patients with more than one major surgical procedure on the earliest date of their index
hospitalization. The admission is assigned to the division that includes the procedure (the
“defining surgical procedure”) with the highest mortality rate. For more details, please see
Section 3.4 Service-Line Divisions.

4. Original Development Data Sources (ICD-9 data):

a.

Medicare Claims-Only Development Dataset. Provides the same data as the Claims-Only
Re-specification Dataset but includes administrative inpatient hospitalization data,
enrollment data, and post-discharge mortality status for FFS Medicare beneficiaries, 65
and older on admission, hospitalized from July 1, 2014 — June 30, 2015.

Clinical Hybrid Development Dataset. Provides similar data as the Clinical Hybrid Re-
specification Dataset with matched administrative claims and EHR data, admission dates
from January 1, 2009 — June 30, 2015.

Clinical Hybrid Development Dataset and Clinical Hybrid Re-specification Dataset Description

Data used to develop the Hybrid HWM Measure were provided by KPNC from their EHR data
warehouses. KPNC is an integrated healthcare delivery system that serves over 4.4 million members at its
21 acute care hospitals. Although the number of KPNC hospitals is much smaller than the number of
hospitals in the nation that will be ultimately included in the implemented measure, the patients within
the KPNC hospitals represent an adequate sample for measure development. Comparison of similarly
aged patients (65 years and older) in the Clinical Hybrid Development Dataset and Medicare Claims-Only
Development Dataset demonstrated similar prevalence of those comorbidities included in the Claims-
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only HWM measure risk model; see Appendix B Comorbidity Comparison: Claims vs Clinical Hybrid
Datasets. All KPNC hospitals use an integrated EHR system that runs Epic software to capture and store
patient management, administrative, and clinical data in their outpatient and inpatient healthcare
settings. The Systems Research Initiative within the Kaiser Permanente Northern California Division of
Research has worked to develop an extensive clinical risk-adjustment methodology for internal
benchmarking and quality assurance and is in the process of developing the capability to use these
clinical data in real time for clinical decision support and quality measurement. Their work has required

mapping specific clinical data elements within their databases, extracting data, and validating their
source and accuracy.

Additionally, members enrolled in the KPNC health system receive comprehensive care through the KPNC
network of outpatient and inpatient providers. In the rare instance that a member is admitted to an
acute care facility outside of the network, KPNC will receive a claim for those services unless the patient
decides to pay out-of-pocket. Thus, almost all hospital admissions in this patient population are captured
by KPNC databases, which facilitates the observation of mortality outcomes.

During original Hybrid HWM Measure development in ICD-9 data, and re-specification in ICD-10 data we
partnered with KPNC to provide datasets that include all admissions for adult patients to any of their
member hospitals between January 1, 2009 and June 30, 2015, and October 1, 2015 to December 30,
2016. These datasets contained both the claims data as well as the clinical data that were used to derive
the cohort, outcome, comorbidities, and CCDE. The clinical data included values for the 21 data elements
in the CCDE from which we derived first-captured vital signs and laboratory test results from all hospital
entry locations including the emergency department, operating rooms, inpatient floors, and units.
Specifically, they provided:

e Hospital identifier and hospital entry location;

e Time and date stamps for patients’ arrival at the hospital for care;

¢ Principal discharge diagnosis;

¢ Secondary diagnoses;

e The patients’ vital signs and laboratory test results from each admission (including data values,
time and date stamps);

e Variables related to cohort exclusion criteria (discharged against medical advice, transferred
from another acute care facility, discharge status); and

¢ Whether the patient died for any reason within 30-days from admission (from their linked
administrative claims).

In addition, they provided the following information from claims submitted by their members for
admissions to out-of-network hospitals: admission dates, discharge dates, and principal discharge
diagnoses. In this dataset, all of these data elements were linked to a single hospital admission using a
unique encounter identification number. Individual patients may have had one or more admissions in the
database and were linked using unique patient identifiers assigned by KPNC.
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Cohort

Index Admissions Included in the Measure

Our guiding principle for defining eligible admissions was that the measure should appropriately reflect a
meaningful quality signal across a large number of acute care hospitals. Therefore, our cohort should
capture as many admissions as possible for which survival would be a reasonable indicator of quality. We
defined an admission as having a reasonable indicator of quality if it fulfilled two criteria: 1) survival was
most likely the primary goal of the patient when they entered the hospital (for example, a patient
admitted at the end of their life under hospice care for comfort measures likely does not have 30-day
survival as their primary goal); and 2) the hospital could be reasonably expected to impact the chance of
the patient’s survival with improved quality of care (for example, the hospital does not have the ability to
meaningfully impact the chance of survival for a patient admitted with brain death). Inclusion and
exclusion criteria described below were based on these principles.

Grouping Patients into Clinically Coherent Categories

Because of the large and diverse number of admissions considered and tens of thousands of included
ICD-10 codes, the Hybrid HWM Measure uses the Agency for Healthcare Research and Quality (AHRQ)
Clinical Classification Software (CCS) to group the numerous ICD-10 codes into clinically meaningful
categories. The HWM Measure use the AHRQ CCS to group the principal discharge diagnoses and major
procedures, with slight modifications specific to mortality risk, described below.

CCS is a software tool developed as part of the Healthcare Cost and Utilization Project (HCUP), a Federal-
State-Industry partnership sponsored by the AHRQ. It collapses ICD-10 condition and procedure codes
into a smaller number of clinically meaningful condition and procedure categories.

Rationale for using CCS:

e Using ICD-10 codes would have been impractical because there are tens of thousands of ICD-10
codes, some of which occur so infrequently that using this level of detail in statistical modeling
would produce unreliable results.

e AHRQ CCS categories are grouped specifically for the purpose of clinical coherence. They have
been deployed in many other policy and research projects to analyze outcomes and utilization
of services in hospitals.

e By using a categorization taxonomy that is widely known, publicly available, and clinically
coherent, the methods are more transparent and the results are more easily interpreted.

e The AHRQ CCS categorization is consistent with the methods used in the existing CMS claims-
only and hybrid HWR measures, which the Hybrid HWM Measure was designed to complement.

We have tested for, and made modifications to, highly heterogeneous CCS and low mortality CCS, as
outlined in Section 3.6 Risk Adjustment, to ensure that each CCS will be a robust and accurate risk
adjuster. The specifications for each clinical division can be found in the CCS Modifications tab in the data
dictionary.
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Inclusion Criteria

The inclusion and exclusion criteria were vetted by clinical and measurement experts on the Technical
Work Group and TEP. During both development and re-specification with ICD-10 codes, codes were
reviewed by a team of three clinicians who independently reviewed discharge diagnosis codes within
CCSs that had high mortality rates or high variation in mortality rates for potential non-inclusion or
exclusion from the measure. Any discrepancies between the three clinicians were finalized based on
consensus. Final inclusion criteria are as follows:

1. Enrolled in Medicare FFS Part A for at least 12 months prior to the date of admission and
during the index admission

O

O

Rationale: Claims data are consistently available only for Medicare FFS beneficiaries. The
12-month prior enrollment criterion ensures a full year of administrative data is
available for risk adjustment. Medicare Part A is required at the time of admission to
ensure no Medicare Advantage patients are included in the measure.

Note that for testing purposes only, this inclusion criterion was not applied because the
KPNC data is not Medicare Claims.

2. Not transferred from another acute care facility

O

Rationale: Admissions to an acute care hospital within one day of discharge from
another acute care hospital are considered transfers. Transferred patients are included
in the measure cohort, but it is the initial hospitalization rather than any “transfer-in”
hospitalization(s), that is included as the hospitalization to which the mortality outcome
is attributed (the index admission).

3. Aged between 65 and 94 years

O

O

Rationale: Medicare patients younger than 65 usually qualify for the program due to
severe disability. They are not included in the measure because Medicare patients
younger than 65 are considered to be too clinically distinct from Medicare patients 65
and over. Patients over the age of 94 are not included to avoid holding hospitals
responsible for the survival of the oldest elderly patients, who may be less likely to have
survival as a primary goal. With the guidance of our work groups and TEP, we decided to
only include patients between 65 and 94 years of age. While we acknowledge that many
elderly patients do have survival beyond 30 days as a primary goal for their
hospitalization, we also understand that, on average, very old patients may be less likely
to have survival as a primary goal and that the hospital may not always be able to
impact the chance of survival in the oldest elderly patients.

Note that for testing purposes only, we include patients between the ages of 50 and 94
because the Hybrid HWM Measure used a sample of only 21 hospitals with claims and
EHR data for both development and re-specification.

4. Not admitted for primary psychiatric diagnoses

O

Rationale: Patients admitted for psychiatric treatment are typically cared for in separate
psychiatric facilities that are not comparable to short-term acute care hospitals (see
data dictionary, Non-Acute Care Nonlnclusion tab).

5. Not admitted for rehabilitation
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o Rationale: These admissions are not typically to a short-term acute care hospital and are
not for acute care (see data dictionary, Non-Acute Care Nonlnclusion tab).

6. Not enrolled in hospice at the time of, or 12 months prior to their index admission
o Rationale: Patients enrolled in hospice in the prior 12 months or at the time of
admission are unlikely to have 30-day survival as a primary goal.

7. Not enrolled in hospice within two days of admission

o Rationale: This exclusion reflects input from our TEP and working groups and analyses
performed in response to their feedback. There is not a single, correct approach
regarding patients enrolled in hospice during admission or upon discharge — mortality
may or may not represent a quality signal for this group of patients and hospice
enrollment is inadequate to differentiate this issue. However, for most patients and/or
families who had the discussion and agreed to enroll in hospice within two days of
admission, 30-day survival is not likely the primary goal.

8. Not with a principal diagnosis of cancer and enrolled in hospice during their index admission
o Rationale: Patients admitted primarily for cancer who are enrolled in hospice during
admission are unlikely to have 30-day survival as a primary goal of care (see data
dictionary, Cancer Hospice NonlInclusion tabs).

9. Without any diagnosis of metastatic cancer
o Rationale: Although some patients admitted with a diagnosis of metastatic cancer will
have 30-day survival as a primary goal of care, for many such patients admitted to the
hospital, death may be a clinically reasonable and patient-centered outcome. Therefore,
this is a group of patients that may not have 30-day survival as a primary goal of care
(see data dictionary, Metastatic Cancer NonlInclusion tab).

10. Not with a principal discharge diagnosis, or a secondary diagnosis that is present on admission
(POA) for a condition for which hospitals have limited ability to influence survival
o Rationale: Hospitals have little ability to impact mortality for these conditions. This list

of conditions (see data dictionary, Survival Nonlnclusion tab) was determined by three
independent clinicians who reviewed high mortality conditions (mortality rates greater
than 40% within CCSs). Using a consensus process, the three clinicians identified clinical
conditions (defined by primary discharge diagnoses) where hospitals have limited ability
to influence survival, and therefore, death would not be a quality signal. The list was
then reviewed with our TEP and Technical Work Group. During re-specification in ICD-
10, codes were again reviewed and additional codes were added. Admissions are not
included in the cohort if the patient had a primary diagnosis code that is on this list, or a
secondary code that is POA.

See Section 4.1 Index Cohort: Inclusion and Exclusion, Figure 3, for a cohort flowchart, including the
percent of admissions that did not meet the inclusion criteria described below.

Exclusion Criteria

The final cohort that includes the percent of admissions that were excluded using the below criteria, can
be found in Section 4.1 Index Cohort: Inclusion and Exclusion, Figure 3.
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This measure excludes index admission for patients:

1. With inconsistent or unknown vital status;
o Rationale: We do not include stays for patients where the admission date is after the
date of death in the Medicare Enrollment Database, or where the date of death occurs
before the date of discharge, but the patient was discharged alive.

2. Discharged against medical advice (AMA);
o Rationale: Hospitals had limited opportunity to implement high-quality care and is not
responsible for events that follow a discharge AMA.

3. With an admission for crush injury (CCS 234), burn (CCS 240), intracranial injury (CCS 233),
spinal cord injury (CCS 227), skull and face fractures (CCS 228), or open wounds of head, neck,
and trunk (CCS 235);

o Rationale: Even though a hospital likely can influence the outcome of some of these
conditions, we felt that there were specific challenges to risk adjustment using claims
data. These conditions are less frequent events that are unlikely to be uniformly
distributed across hospitals and may entail distinct risk profiles (see the data dictionary,
Exclusions tab).

4. With an admission in a low volume CCS, defined as less than or equal to 100 patients with that
principal discharge diagnosis per service-line division across all hospitals.

o Rationale: To calculate a stable and precise risk model, there are a minimum number of
admissions that are needed. In addition, a minimum number of admissions and/or
outcome events are required to group admissions into larger categories. These
admissions present challenges to both accurate risk prediction and coherent risk
grouping and are therefore excluded.

o Note: Due to the smaller number of hospitals in the Clinical Hybrid Re-specification
Dataset, we used a smaller cut-off for low volume diagnoses (25 instead of 100) to
include more patients for development. As we implement this nationwide, we intend to
use a 100-admission cut-off.

Addressing Patients with Multiple Admissions

The risk of mortality is not independent of the number of admissions a patient has had in a given time
period, as a patient with multiple admissions can have at most one negative outcome (death). In
addition, we know that the overall mortality rate for patients admitted more than once is higher than for
those patients with only one admission. We also know that the percent of patients with multiple
admissions that a hospital cares for varies. While patients do not always go back to the same hospital for
repeat admissions, empiric analyses of Medicare data demonstrate that the majority of patients return to
the same hospital. Other condition-specific hospital mortality measures reported by CMS address this
issue by randomly selecting only one admission per patient per year.

As this measure includes all conditions and procedures, we systemically investigated different
approaches to handling the issue of patients with multiple admissions within the measurement period.
There was no practical statistical modeling approach that could account or adjust for the complex
relationship between the number of admissions and risk of mortality in the context of a hospital-wide
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mortality measure. Therefore, in order to provide a scientifically rigorous, statistically appropriate, and
technically feasible measure that provides transparency, and where appropriate, emphasizes simplicity,
we used the approach currently employed in existing CMS mortality measures of including only one
randomly selected admission per patient in the one-year measurement period. This reduces the number
of admissions, but does not exclude any patients from the measure.

Rationale: Random selection better reflects that the results of their hospitalizations can be death or
survival when patients enter the hospital. Selecting the last admission would not be as accurate a
reflection of the risk of death as random selection, as the last admission is inherently associated with
higher mortality risk.

Other Cohort Considerations

With the approval of our TEP, the measure does not currently utilize codes that identify patients that
have do-not-resuscitate (DNR) orders, as this is not a reliable method for determining a patient’s wishes
at the time of or during the admission. [Note: We will continue to explore clinically relevant variables
related to patient care preferences for end-of-life care during measure reevaluation.]

Service-Line Divisions

It is unlikely that the effect of risk variables (such as diabetes) is homogeneous across all discharge
condition categories. Therefore, we chose to group the cohort into clinically-related service-line divisions
where the prevalence and effect of risk factors would likely be less heterogeneous, and then estimate
separate risk adjustment regression models within each service-line division. For this multiple model
approach, we create 15 different risk models for 15 different service-line divisions and then derive a
summary score from the results of the models, representing an overall hospital-wide mortality rate for
each hospital. This approach allows risk variables to have different effects for different conditions. For
example, the effect of the comorbid risk factor of having diabetes may be different for a patient who is
admitted for pneumonia than for a patient who had knee replacement surgery.

In particular, service-line divisions allow the measure to account for differences in mortality risk between
surgical and non-surgical patients. Our analyses found that even within the same discharge condition,
patient risk of death was strongly affected by whether a major surgical procedure was performed during
hospitalization. Patients undergoing major surgical procedures are typically clinically different than those
that are admitted with the same discharge condition but do not undergo a major surgical procedure. For
example, a patient admitted for a hip fracture that undergoes a major surgical procedure such as hip
replacement to treat their fracture is likely considered healthy enough to have the surgery, compared to
patients who are so ill that they either would not survive or choose not to risk surgery. In this example,
surgery is associated with a lower observed mortality rate. In other examples, surgery is likely an
indicator of more severe disease. For example, patients with a principal discharge diagnosis
gastrointestinal ulcer (except hemorrhage) that undergo a major surgery are generally those that have
ulcers causing perforation or obstruction, which are markers of more severe disease compared to
patients without perforation and obstruction requiring only medical therapy or minor surgical
interventions.

In theory, estimating more models, such as a separate model for each of the diagnostic condition
categories, could provide greater discrimination of mortality risk at the patient level. However, such an
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approach is not feasible; many hospitals would not have an index admission in many of the condition
categories rendering the measure less useful. We use distinct service-line divisions to balance the desire
for more models to maximize discrimination of mortality risk with the need to minimize the number of
models to ensure reliable results would be obtainable for most hospitals.

Finally, through input from the TEP and all of the work groups, we heard the importance of providing
more detailed information than a single summary score for the usability of this measure for both
clinicians and patients. The multiple model approach, which uses results for each of the service-line
division models to create the overall hospital-wide mortality measure score, could increase the practical
utility of the measure by providing information on differences in performance among divisions (service-
line areas) within hospitals. This aspect of the measure could allow hospitals to better target quality
improvement efforts and was supported by patients, family caregivers, and our TEP. However, further
consideration is needed to identify an approach that provides transparency and granularity for
consumers and ensures the division information displayed is a reliable representation of quality within
each service line for each hospital.

In summary, using 15 models rather than a single model may allow for better risk adjustment for diverse
patient groups, and will likely improve the usability of the measure. Using many more risk models
(service-line divisions) may not be feasible given the number of cases per hospital in each condition.

Because we had matched administrative claims-EHR data for only 21 hospitals we had sufficient data for
only nine service-line divisions with which to calculate the overall RSMR for the Hybrid HWM Measure.
The Hybrid HWM measure uses the same concept, cohort, outcome and claims-based risk adjustment
variables as the Claims-only HWM measure, therefore Claims-only HWM measure results are provided
where necessary. There is no conceptual reason that the results from the Claims-only HWM measure
would be substantially dissimilar to results from the Hybrid HWM Measure.

Defining Service-Line Divisions

We expect the hospital component of mortality risk to be in part related to the care provided by a team
of doctors, nurses, care coordinators, pharmacists, etcetera. Conditions typically cared for by the same
team of clinicians would therefore be expected to experience similar added (or reduced) levels of
mortality risk. Each eligible admission is assigned to one of 15 mutually exclusive clinical divisions (see
Table 1 below). The divisions reflect how care for patients is organized within hospitals. Organizing
results by care team in this way will allow hospitals to identify areas of strength and weakness if their
hospital performance varies across service-line divisions. This approach also addresses the strong
preference of patients and caregivers to have a better understanding of hospital performance for certain
conditions or procedures.

These 15 service-line divisions were created through a detailed process, led by clinicians and vetted by all
of the work groups and TEP (see Appendix C Creating the Final Service-Line Divisions for details). The
process consisted of the following steps:

1. Identified surgical versus non-surgical admissions;

2. Grouped admissions into 10 surgical sub-divisions and 23 non-surgical subdivisions based on
clinical coherence and similar care teams;

3. Combined subdivisions into six surgical divisions and eight non-surgical divisions based on
clinical coherence and risk variable performance; and
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4. Presented results to work groups and TEP and, in response to feedback, added an additional
surgical division of surgical cancer, creating the final 15 service-line divisions.

Table 1. List of Non-Surgical and Surgical Service-Line Divisions

Non-Surgical Divisions Surgical Divisions
Cancer General*
Cardiac* Cancer
Gastrointestinal* Cardiothoracic
Infectious Disease* Neurosurgery
Neurology* Orthopedic
Orthopedics* Other
Pulmonary* -

Renal* -

Other* -

*Division included in the overall RSMR calculation (for Hybrid HWM Measure testing).

Surgical vs. Non-Surgical Assignment

Admissions were first screened for the presence of an eligible surgical procedure category. These were
defined as “major surgical procedures,” representing procedures for which a patient is likely to be cared
for primarily by a surgical service and identified using the approach used by the HWR measure to identify
surgical admissions. Admissions with any such major surgical procedures were assigned to a surgical
division, regardless of the principal discharge diagnosis code for the admission (see data dictionary,
Surgical Cohort Divisions CCS tab). All remaining admissions are assigned to divisions based on the AHRQ
CCS diagnosis category of the principal discharge diagnosis, modified as described below.

Identifying the Defining Surgical Procedure

Unlike principal discharge diagnoses, of which there can only be one per admission, patients can undergo
multiple surgical procedures during a hospital stay, and it is not possible in claims data to determine
which, if any, procedure was related to the reason for admission. In order to report on service-line
divisions that are more granular than a single division containing all surgical patients, we created an
algorithm to assign a “defining surgical procedure” (Figure 1). If a patient only has one major surgical
procedure, that procedure will be the “defining surgical procedure.” However, if a patient has more than
one major surgical procedure within a single hospitalization, the first dated major surgical procedure will
be assigned as the “defining surgical procedure.” If there is more than one major surgical procedure that
occurs on that earliest date, the procedure with the highest mortality rate (defined by unadjusted
mortality rates for all admissions with major surgical procedures from Medicare FFS data including
admissions from July 1, 2013 — June 30, 2014) is the “defining surgical procedure.”

The surgical cancer division is defined as an admission for a patient that undergoes any of the “major
surgical procedures” and also has a principal discharge diagnosis of cancer.
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Modified CCS Groupings

As described in Section 3.6 Risk Adjustment, the CCS groupings that define the clinical divisions were
modified to facilitate improved risk adjustment. The specifications for each clinical division are defined in
the data dictionary (CSS Modifications tab) provided with this methodology report.

Figure 1. "Defining Surgical Procedure” Algorithm

“Defining Surgical Procedure” Algorithm

How many major surgical procedures did the patient have during admission?

Cone>

Defining surgical Identify the earliest date that any major surgical
procedure procedure occurred. How many major surgical
procedures occurred on this earliest date?

@ More than one

h

Defining surgical Identify the procedure on this
procedure earliest date that has the
highest mortality rate.

v
Defining surgical
procedure
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Outcome

All-Cause 30-Day Mortality

The outcome for this measure is all-cause 30-day mortality. We define mortality as death from any cause
within 30 days of the index hospital admission date.

Thirty-Day Timeframe

We combined input from clinical experts with empirical analyses, published literature, and consistency
with existing CMS mortality measures to define the 30-day timeframe for capturing mortality.

It is imperative to have a standard period of assessment so that the outcome for each patient is
measured consistently from the date of admission. Without a standard period, variation in length of stay
would have an undue influence on mortality rates, and hospitals would have an incentive to adopt
strategies to shift deaths out of the hospital without improving quality. Most prior all-condition mortality
measures that assess a standard time frame and all existing CMS condition- and procedure-specific
hospital mortality measures utilize a 30-day timeframe, starting the day of admission, for assessing
mortality.

To evaluate the appropriateness of the 30-day time frame across the HWM cohort, we reviewed survival
curves for Medicare beneficiaries 65 years and older across all diagnostic CCS groupings up to 90 days
following admission. We found that diagnostic CCS groups with the highest mortality rates had their
steepest declines in the first few days and the curves continued to decline but at a slower rate after that
time. In general, few diagnostic CCS groups showed complete leveling off of mortality, even at 90 days.
However, the 30-day period does capture the largest declines in mortality.

Additional support for the 30-day time frame stemmed from evidence that mortality can be influenced
by hospital care and the early transition to the outpatient setting during this time. Finally, we reviewed
the 30-day timeframe with our Technical Work Group, Patient and Family Caregiver Work Group and TEP,
and they supported the 30-day timeframe. In summary, we chose a post-admission observation period of
30-days balancing considerations of empirical data findings, actionability, cross-measure consistency, and
fairness of attribution.

All-Cause Mortality

We defined the outcome as “all-cause” mortality rather than related to the index hospitalization for
multiple reasons. First, from the patient perspective, mortality for any reason is an undesirable outcome
of care. In defining the measure cohort, we worked with clinical experts and patients to only include
patients for whom it is reasonable to assume that 30-day survival is a primary goal of care. Second, there
is no reliable way to determine whether mortality is related to the index hospitalization based on the
documented cause of mortality. As with readmissions, many deaths that might not be deemed related
are in fact influenced by the care received during hospitalization. For example, a heart failure patient
who is discharged with inappropriately dosed medications may develop renal failure from over-diuresis
and die. It would be inappropriate to treat this death as unrelated to the care the patient received for
heart failure. Third, all existing CMS mortality measures report all-cause mortality, making this approach
consistent with existing measures. Finally, defining the outcome as all-cause mortality may encourage
hospitals to implement broader initiatives aimed at improving the overall care within the hospital and
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transitions from the hospital setting instead of limiting the focus to a narrow set of condition- or
procedure-specific approaches.

Outcome Attribution

Outcomes for surgical and non-surgical patients are attributed to the admitting hospital. In cases of
transfers, the sequence of hospitalizations is treated as one episode of care and the admission and
associated outcome are attributed to the first admitting hospital. For example, if a patient is admitted to
acute care Hospital A, and then transferred to acute care Hospital B, the admission and associated
outcome (survival or death within 30-days) is attributed only to Hospital A.

A surgical transfer patient is defined as a patient who is originally admitted to one hospital where no
major surgical procedure is performed and is then transferred to a different hospital where they receive a
major surgical procedure. Given that surgical transfer patients are more likely to have risks that are
similar to other surgical patients (rather than non-surgical patients), we assigned surgical transfer
patients to a surgical division for risk adjustment and reporting (rather than a non-surgical division).
However, the mortality outcome remains attributed to the original admitting hospital that made the
decision to both admit and transfer the patient.

Risk Adjustment
Overview

The goal of risk adjustment is to account for differences across hospitals in patient demographic and
clinical characteristics that might be related to the outcome but are unrelated to quality of care. The
Hybrid HWM measures adjust for case mix differences (clinical status of the patient on admission,
accounted for by adjusting for comorbidities and diagnoses POA), and service mix differences (the types
of conditions/procedures cared for by the hospital, accounted for by adjusting for the discharge condition
category). In addition, the Hybrid HWM measure adds EHR data to the case mix risk adjustment in the
form of 10 clinical risk variables extracted from EHRs. Please note that the case-mix variables are the
same but their coefficients can vary by between divisions.

We do not adjust for patients’ admission source or discharge disposition (for example, skilled nursing
facilities) because these factors are associated with the structure of the health care system, and may
reflect the quality of care delivered by the system. We do not adjust for socioeconomic status, gender,
race, or ethnicity because hospitals should not be held to different standards of care based on the
demographics of their patients; This measure was endorsed by NQF without adjustment for patient-level
socioeconomic status factors.

The risk adjustment variables included in the Hybrid HWM measure include the following three types of
risk variables:

1. Case Mix (claims-derived comorbidities): comorbidity risk variables derived from administrative
claims data. Comorbidities for inclusion were identified during the 12 months prior to and
including the index admission. To assemble the ICD-10 codes into clinically coherent variables
for risk adjustment, the measure employs the publicly available CMS condition categories (CMS-
CCs) to group codes into CMS-CCs, and selects comorbidities on the basis of clinical relevance
and statistical significance;*®
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2. Case Mix (clinical EHR data): clinical data outlined in Case Mix Risk Adjustment (EHR-Based
Clinical Status Risk Variables), derived from the Clinical Hybrid Re-specification Dataset; and

3. Service Mix (principal discharge diagnoses): the AHRQ CCS categories for the principal discharge
diagnosis associated with each index admission derived from ICD-10 codes in administrative
claims data from the index admission. These are also the codes that are used to define the
service-line divisions for the non-surgical divisions.

The final risk adjustment model can be found in the data dictionary, RiskVariable ParameterEstimates.
Below we explain our general approach to capturing patient-level case mix in the risk model, followed by
an explanation of service-line risk adjustment. These sections are followed by a description of the
division-level and overall hospitals-level statistical models in detail.

Case-Mix Adjustment

To account for differences in case mix among hospitals, the measure adjusts for variables (that is, age and
comorbid diseases) that are clinically relevant and have relationships with the outcome. Case mix
differences among hospitals are based on the clinical status of the patient at the time of the index
admission. Accordingly, only comorbidities that convey information about the patient at the time of the
index admission, or any time within the preceding 12 months, are included in risk adjustment.
Complications that arise during the course of the hospitalization are not used in risk adjustment.

Refer to the Complications tab in the data dictionary for the list of comorbidity risk-adjustment variables
common to all divisions and the list of potential complications that are excluded from risk adjustment
(detailed below in Complications of Hospitalization). The Condition Categories (CCs) outlined in this table
are used to identify risk variables in claims for discharges on or after October 1, 2015 for ICD-10-CM
diagnosis codes as well as discharges prior to October 1, 2015 for ICD-9-CM diagnosis codes.

Initial Development of Comorbid Risk Variables

Our goal was to develop parsimonious models that include clinically relevant variables strongly
associated with the risk of mortality in the 30 days following an index admission. For candidate variable
selection, using the Medicare Claims-Only Development Dataset, we started with the CMS-CC grouper,
used in previous CMS risk-standardized outcome measures, to group ICD-9-CM codes into comorbid risk-
adjustment variables.

To select candidate variables, a team of clinicians reviewed all CMS-CCs and combined some of these
CMS-CCs into clinically coherent groups to ensure adequate case volume. Any combined CMS-CCs were
combined using both clinical coherence and consistent direction of mortality risk prediction across the
CMS-CC groups in the majority of the 15 divisions. All original candidate risk variables are listed in
Appendix C, Table C.1 Candidate Comorbid (Claims-Based) Risk Variables.

To select final risk variables, we used the claims-only development sample to create 500 bootstrap
samples for each of the service-line divisions. For each sample, we ran a standard logistic regression
model that included all candidate variables. The results were summarized to show the percentage of
times that each of the candidate variables was significantly associated with 30-day mortality (at the
p<=0.05 level) in the 500 bootstrap samples (for example, 70% would mean that the candidate variable
was significant at p<=0.05 in 70% of the bootstrap samples). We also assessed the direction and
magnitude of the regression coefficients.
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We found that models containing all risk factors performed similarly to models containing a more limited
set of “significant” risk factors, described below. We therefore used a fixed, common set of comorbidity
variables in all of our models for simplicity and ease of implementation and analysis. Please note that the
case-mix variables are the same but their coefficients can vary by between divisions.

We describe below the steps for variable selection.

1. The CORE Project Team reviewed the bootstrapping results and decided to provisionally examine
risk adjustment variables at or above a 90% cutoff in one of the 15 service-line division models (in
other words, retain variables that were significant at the p<=0.05 level in at least 90% of the
bootstrap samples for each division). We chose the 90% cutoff because this threshold has been
used across other measures and produced a model with adequate discrimination.

2. Inorder to develop a statistically robust and parsimonious set of comorbid risk variables, we then
chose to limit the variables to those that met a 90% threshold in at least 13/15 divisions. This
step resulted in the retention of 20 risk factors, including age and 19 comorbid risk variables. This
resulted in C-statistics that did not change by more than 0.02 in any of the 15 divisions compared
to models that contained all possible risk variables.

To re-specify these risk variables in ICD-10, we used established ICD-9 to ICD-10 cross-walks with the
Fiscal Year (FY) 2017 version of the V22 CMS-HCC. We then compared the volume of admissions included
in each division using ICD-10 codes in a set of claims submitted between July 2016 and June 2017, with
volume of admissions in each division using previously-defined ICD-9 codes in a set of claims submitted
between July 2014 and June 2015. We also then re-ran the risk-adjustment models. Final comorbid risk
variables are listed in Table 2.

Table 2. Final Comorbid Risk Variables

Comorbid Risk Variables

Age

Other Infectious Diseases (CC 7)

coma/brain compression/ anoxic injury and severe head injury (CC 80,
166)

Metastatic & Severe Cancers (CC 8,9)

Protein-Calorie Malnutrition (CC 21)

Disorders of Fluid/Electrolyte/Acid-Base Balance (CC 24)

Disorders of Lipoid Metabolism (CC 25)

Liver Failure (CC 27,30)

Other Gl Disorders (CC 34, 35, 3738)

Other Musculoskeletal and Connective Tissue Disorders (CC 44,45)
Hematologic or Immunity Disorders (CC 46-48)

Dementia and Other Nonpsychotic Organic Brain Syndromes (CC 51-
53)

Respiratory Failure, Respirator Dependence, Shock (CC 82-84)
Congestive Heart Failure (CC 85)

Hypertension and hypertensive heart disease (CC 94,95)

Pneumonia (CC 114-116)
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Comorbid Risk Variables

Dialysis or Severe Chronic Kidney Disease (CC 134,136,137)
Acute or Unspecified Renal Failure (CC 135,140)

Poisonings and Allergic and Inflammatory Reactions (CC 175)

Minor Symptoms, Signs, Findings (CC 179)
Complications of Hospitalization

Complications occurring during hospitalization are not comorbid ilinesses and do not reflect the health
status of patients upon presentation. In addition, they likely reflect hospital quality of care, and, for these
reasons, should not be used for risk adjustment. Although adverse events occurring during
hospitalization may increase the risk of mortality, including them as risk factors in a risk-adjusted model
could lessen the measure’s ability to characterize the quality of care delivered by hospitals. We have
previously reviewed every CMS-CC and identified those which, if they were to occur only during the index
hospitalization, are more likely than not to represent potential complications rather than pre-existing
comorbidities. For example: fluid, electrolyte, or base disorders; sepsis; and acute liver failure are all
examples of CMS-CCs that could potentially be complications of care (see Complications tab in the data
dictionary for the list).

We took a two-step approach to identifying complications of care. First, we searched the secondary
diagnosis codes in the index admission claim for all patients in the measure and identified the presence
of any ICD-10 code associated with a CMS-CC in in the Potential Complications of Care (see data
dictionary, Complications tab). If these codes appeared only in the index admission claim, we flagged
them because they are potential complications of care. Next, we determined if these potential
complications of care were associated with a “present on admission” code. Any potential complication of
care with an associated “present on admission” code was kept in the risk model; any potential
complication of care without an associated “present on admission” code was removed under the
assumption that it represented a complication of care. In this way, we supplemented the existing
approach to identifying potential complications of care used in CMS’s publicly reported mortality
measures by incorporating “present on admission” codes. Our analyses demonstrate that a majority of
hospitals currently use “present on admission” codes across a majority of conditions. Therefore, we felt
that a combined approach to excluding complications of care from the risk model that used both the
existing methodology and “present of admission” codes allow the measure to capture as many clinically
appropriate risk variables as possible while simultaneously removing complications of care from the risk
model.

Case Mix Risk Adjustment (EHR-Based Clinical Status Risk Variables)

The electronic clinical risk variables reflect a patient’s clinical status upon arrival to the hospital as the
first captured value or first set of vital signs and laboratory results. For example, as shown in Figure 2
below, we would incorporate only the first set of vital statistics (for example, blood pressure) and
laboratory results (for example, glucose) on the patient once they arrive at the hospital.
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Figure 2. Identifying First Captured Values for the Core Clinical Data Elements
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To be able to use electronic clinical data for a measure of hospitals nationally, we must collect accurate
data from all hospitals. Because of this, any electronic clinical data that we use must meet the following
criteria:

1. Consistently captured on all adult hospitalized inpatients;
2. Captured with a standard definition; and
3. Entered into the electronic health record in a structured field and feasibly extracted.

Example of usable data elements: Blood Pressure

v' Captured on all patients upon arrival at the hospital in any setting (hospital outpatient,
inpatient, emergency department);

v Captured using the same units of measurement across the country (mmHg); and

v' Entered into a structured field (numeric) in the EHR that can be extracted.

Example of unusable data element: Medication history or adherence

Inconsistently or not reliably collected on all patients by clinicians;
Units of measurement could range;
name of medication could differ; or

X X X X

Possibly captured in clinical notes, and not a structured field.

The CCDE are a standard “set” of clinical data consistently obtained on hospital inpatients and feasibly
extracted from EHRs, as shown in Table 3. We have shown that these variables are consistently captured
with a standard definition, entered in a structured field, and feasibly extracted.?® 3’ Therefore, they
represent a feasible set of candidate variables from which to select our risk model. The CCDE were
designed to be a dynamic list that can be modified for specific measures, and potentially expanded as the
use of EHRs evolves and clinical practice changes over time.
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Table 3. Currently Specified CCDE Variables

Clinical Data Elements Units of Measurement Window for First Captured Values

Patient Characteristics

Age Years -
First-Captured Vital Signs
Diastolic Blood Pressure mmHg 0-2 hours
Heart Rate Beats per minute 0-2 hours
Oxygen Saturation Percent 0-2 hours
Respiratory Rate Breath per minute 0-2 hours
Systolic Blood Pressure mmHg 0-2 hours
Temperature Degrees Fahrenheit 0-2 hours
Weight Pounds 0-24 hours
First-Captured Laboratory Results

Anion Gap mEg/L 0-24 hours
Bicarbonate mmol/L 0-24 hours
BUN mg/dL 0-24 hours
Chloride mEq/L 0-24 hours
Creatinine mg/dL 0-24 hours
Glucose mg/dL 0-24 hours
Hematocrit Percent 0-24 hours
Hemoglobin g/dL 0-24 hours
Platelet Count 0-24 hours
Potassium mEq/L 0-24 hours
Sodium mmol/L 0-24 hours
WBC Count 1079 per liter (X10E+09/L) 0-24 hours

CCDE Risk Variable Selection

CCDE risk variable selection occurred in the initial development of the measure. To select candidate
clinical EHR variables, we began with the list of CCDE variables, listed above in Table 3.

First, we looked at how many admissions in our Clinical Hybrid Development Dataset were missing values
for each CCDE. The non-surgical divisions had fewer than 10% of admissions that were missing values.
However, in the surgical divisions, while vitals were missing in fewer than 10% of admissions, the
laboratory result values were missing in 15% - 50% of admissions, depending upon division. For
development purposes only, we imputed values for missing labs or vital signs, as described below:

e For all admissions missing any vital signs and for admissions within the non-surgical divisions
missing any laboratory result values, we used multiple imputation (imposing limits to ensure the
imputed values were within clinical possibilities) with 5 copies of data with different imputations
based on a multi-normal distribution.

e For admissions within the surgical divisions missing any laboratory results, we randomly
imputed a value within the normal range for that lab. For the normal ranges, see Table 4 below.

o Rationale: Surgical patients that are missing initial labs are most likely elective surgical
admissions that had the labs collected within 30 days prior to admission. It is less likely
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that a patient with an extremely abnormal lab value would undergo an elective surgery
without having the labs checked again on admission. This approach is for development
purpose only.

Second, we selected which CCDE would be the most appropriate to include in the Hybrid HWM measure.

We approached risk variable selection from the perspective of ensuring a parsimonious list of clinical EHR
variables that would minimize hospital burden to report the data and provide face validity from a clinical

perspective.

Therefore, we first sought to ensure that each candidate variable was modeled in a clinically appropriate
way. For example, the laboratory value sodium has a U-shaped predictive association with mortality:
Normal sodium levels are associated with a low risk of mortality, while both abnormally high and
abnormally low levels are associated with an increased risk of mortality. The association between each
CCDE variable and mortality was reviewed by four clinicians and selected based on the best association.
See Table 4 for the approach used for each risk variable. In addition, we report the normal values used
for imputing missing laboratory results within the surgical divisions.

Table 4. Candidate Clinical EHR Risk Variable (CCDE) Mortality Association Modelling Approaches

Candidate EHR Risk Variables Normal Range Modelling Approach
Age - linear
Diastolic Blood Pressure - splined, knot at 80
Heart Rate - linear
Oxygen Saturation - linear
Respiratory Rate - splined, knot at 16
Systolic Blood Pressure - splined, knot at 140
Temperature - linear
Weight - splined, knot at 180
Anion Gap 7-17 splined, knot at 10
Bicarbonate 22-30 splined, knot at 26
BUN 8-18 splined, knot at 14 and 40
Chloride 96-106 linear
Creatinine 0.5-1.2 linear but winsorized at 5
Glucose 70-100 splined, knot at 180
Hematocrit 37-52 linear
Hemoglobin 12-18 linear
Platelets 140-440 splined, knot at 200
Potassium 3.3-5.0 splined knot at 4.0
Sodium 135-145 splined, knot at 140
White Blood Count 4.0-10.0 splined, knot at 7.0

Next, we examined the strength of different clinical variables in the context of a multivariable model. We
performed bootstrapping with 1,000 iterations allowing patient admissions to be repeatedly selected and
produced 1,000 bootstrapping samples for each of the 5 multiple imputations (for the missing data). We
used logistic regression with stepwise selection to create risk models for each division in each
bootstrapping sample in each imputation run, identifying the variables most significantly associated with
mortality for that division (present in 80% or more of runs). This approach produced risk models that
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might be missing important clinical variables. For example, the selected model for the Surgical Cancer
Division contained only age and blood urea nitrogen (BUN) and the model discrimination (judged by using
the c-statistic) was not as strong as compared to the model that only used administrative claims
(comorbidities, principal discharge diagnosis).

Based upon this information, we selected a standard set of clinically coherent risk variables in order to
ensure that each division-level risk model included key laboratory results and vital signs data. As with
prior hybrid measures that use EHR data in their risk model, we did not include risk variables if they were
strongly correlated with another variable. For example, we selected systolic blood pressure but not
diastolic blood pressure, as these variables were highly correlated and provide very similar risk
prediction. Using a standard set of clinically selected variables produced improved c-statistics compared
to the models based purely upon stepwise selection. We also tested allowing the risk variables to vary
across the 15 divisions (using stepwise selection) but still forcing in clinical variables and found that the
model discrimination (c-statistic) was very similar, in some cases identical, to using a standard set of
variables. Therefore, we proceeded with a common set of 10 clinical risk variables plus age across all
divisions (Table 5).

Table 5. Final CCDE Risk Variables

Final CCDE Units of Measurement Window for First Captured Values

First-Captured Vital Signs

Heart Rate Beats per minute 0-2 hours
Oxygen Saturation Percent 0-2 hours
Systolic Blood Pressure mmHg 0-2 hours
Temperature Degrees Fahrenheit 0-2 hours
First-Captured Laboratory Results
Bicarbonate mmol/L 0-24 hours
Creatinine mg/dL 0-24 hours
Hematocrit* g/dL 0-24 hours
Platelet Count 0-24 hours
Sodium mmol/L 0-24 hours
WBC Count 1079 per liter (X10E+09/L) 0-24 hours

Since the Hybrid HWM Measure was developed, we have updated the core clinical data elements to
include hematocrit instead of hemoglobin to better align the Hybrid HWM with the Hybrid HWR measure
that is currently reported by hospitals to CMS on a voluntary basis. This change was made to better align
the two hybrid measures and reduce the reporting burden for hospitals. Hemoglobin and hematocrit
values are highly correlated (correlation ranged from 0.88—0.99 by service-line division, according to
testing results from the Clinical Hybrid Re-specification Dataset, and risk model performance was not
impacted by the switch to hematocrit.

* Hemoglobin will be replaced by Hematocrit for future iterations of this measure
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Service-Mix Adjustment

To account for differences in service mix among hospitals, the measure adjusts for the principal discharge
diagnosis of the index admission (grouped into AHRQ CCS diagnosis categories, modified as described
below). Thus, for the service-line divisions, the AHRQ CCS diagnosis categories used for risk adjustment
are the same as those used to define each of the divisions (see data dictionary tab, Non-Surgical Cohort
Divisions CCS tab).

Rationale: Principal discharge diagnoses differ in their baseline mortality risks and hospitals will differ in
their relative distribution of these principal discharge diagnoses (service mix) within each division.
Therefore, adjusting for these principal discharge diagnoses levels the playing field across hospitals with
different service mixes.

Highly Heterogeneous CCSs

For some of the CCS groups, risk of mortality varied significantly across the different primary discharge
diagnoses within the CCS. During measure development, using ICD-9-coded data, there was concern
voiced by our Technical Work Group and TEP that we may not be adequately risk-adjusting using these
heterogeneous CCSs. To identify heterogenous CCSs, we calculated the correlation between mortality
rate and inpatient admissions grouped by principal discharge diagnosis ICD-9 code within each CCS. We
identified any CCS with an intraclass correlation (ICC) score >0.05 as having high heterogeneity. The ICC is
used in this context to identify heterogeneity of mortality risk across primary discharge diagnosis codes
within the ICC. The value of 0.05, or 5%, is a conventional threshold for accounting for between group
heterogeneity. For ICD-10 re-specification, we revisited this approach, but calculated the ICC after
patients were separated into surgical and non-surgical divisions.

To address the heterogeneity, three clinicians independently, and through consensus, modified the highly
heterogeneous CCSs using clinically informed recategorizations. We modified these highly heterogenous
CCSs by either:

1. Splitting the CCSs into more than one CCS,

2. Moving ICD-10 codes to more clinically coherent CCSs,

3. Making no change to the CCS based on the CCS’s clinical cohesiveness, or based on the number
of patients affected; or

4. ldentifying and removing for purposes of the cohort definition, admissions with primary ICD-10
codes are clinically different from others in the CCS and for which care unlikely impacts survival
(where mortality is not a quality signal).

During ICD-10 re-specification, we identified 44 highly heterogeneous CCSs and made modifications to 20
of them, as described in the data dictionary, tab CCS Modifications. The changes to the CCSs resulted in
more homogenous CCS risk variable groups and increased the face validity of the risk models.

Therefore, CCSs for risk adjustment and cohort have been slightly modified from the AHRQ definitions.
For consistency, these changes were also applied to the service-line division definitions for the non-
surgical divisions and are reflected in the final division definitions as specified in the data dictionary, Non-
Surgical Cohort Divisions CCS.
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Low-mortality CCSs

During initial measure development, the patient-level risk models for two divisions (the “Other” surgical
and “Other” non-surgical divisions) did not converge due to the large number of CCS category codes in
these divisions, and due to low mortality rates associated with some of the CCSs in these divisions (which
are used for service-line risk adjustment). However, the TEP and Patient and Family Caregiver Work
Group had a strong interest in retaining these admissions (more than half a million admissions) in the
measure. To address this issue, within each division, CCSs with low mortality rates (those less than or
equal to 1%) are combined into one independent group, which reduces the total number of risk variables
(CCS category codes) in the model.

Final Risk Model Selection

During initial development, three different risk models were tested in the Clinical Hybrid Development
Dataset to select the best risk model based on statistical performance and face validity as determined by
our TEP. We tested the following risk models:

1. “Clinical-Only Risk Model”: Uses only EHR-based clinical variables in risk model (no claims
comorbidity OR principal discharge diagnoses)
a. Service mix: None
b. Case mix: age plus 10 clinical variables captured from EHR data
2. “Clinical + Principal Discharge Diagnoses Risk Model”: Uses EHR-based clinical variables with
claims-based principal discharge diagnoses in risk model (no claims comorbidity)
a. Service mix: AHRQ CCS categories for patients’ principal discharge diagnoses captured
from claims data
b. Case mix: age plus 10 clinical variables captured from EHR data
3. “Clinical + Claims Risk Model”: Uses EHR-based clinical variables + claims-based comorbidity and
principal discharge diagnosis variables in risk model:
a. Service mix: AHRQ CCS categories for patients’ principal discharge diagnoses captured
from claims data
b. Case mix: Both the age plus 10 clinical variables captured from EHR data and the CCs for
patients’ comorbidities captured from claims data during hospitalizations in the 12
months prior to and including the index admission (19 CC risk variables and age plus 10
clinical variables for each division risk model)

After reviewing the results with our TEP and based upon their preference for higher discrimination over
other features (parsimony, not requiring 12 months of history data), we selected Clinical + Claims Risk
Model for the Hybrid HWM measure. See Appendix D Final Risk Model Selection for more testing details.

Rationale: The Clinical + Claims Risk Model, which includes the broadest set of risk variables, had the best
statistical performance and the highest face validity per the majority of the TEP by accounting for clinical
EHR variables, principal discharge diagnoses, and comorbidities identified using claims-data. While it does
require the exclusion of patients not enrolled in Medicare for 12 months prior to admission, this was the
preferred model by the majority of the TEP.
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Measure Calculation

To calculate an overall hospital-wide mortality rate, we needed to combine the results of the 15 risk
models (divisions) into one overall score. We envisioned a HWM measure that will provide a broad
indication of a hospital’s performance and capture cross-cutting hospital-wide characteristics that
contribute to quality of care. As with CMS’s other claims-based performance measures, the measure
result will be a point estimate (the RSMR). While there are multiple approaches to calculate this overall
RSMR through combining the results of the 15 models, after consultation with multiple statisticians and
review with our Technical Work Group, our patient and family caregiver working groups, and our TEP
during initial development, we are using a weighted mean with a hierarchical general logistic model
(HGLM) approach. In the future when a national sample is available, an empirical correlation approach
such as Markov Chain Monte Carlo (MCMC), which produces a statistically precise and conservative
estimate of better and worse outliers, may be applied.

Weighted Mean with Volume

This approach requires first calculating a Standardized Mortality Ratio (SMR) for each hospital for each
service-line division and then combines the SMRs for each hospital’s divisions by taking the weighted
average of the performance in each of the divisions, taking into account how precisely we were able to
predict the outcome for that division. In technical terms, to calculate the point estimate for each hospital,
we used the point estimates of all 15 SMRs (one from each division) and took the volume-weighted mean
to create an overall hospital-wide combined SMR, similar to the HWR measure methodology. To calculate
the RSMR for each hospital, we multiplied the overall hospital-wide SMR by the national observed
mortality rate. The statistical approach is described in greater detail below.

Statistical Approach to Calculating Division-Level and Overall Standardized Mortality Ratios

This section provides further detail on the specific technical information for the statistical modeling for
creating the final measure results. This includes information on the statistical models for each of the 15
divisions, how the results are calculated for each of the divisions, and then how those results are
combined to form the overall mortality rate.

Models for Each Service-Line Division

We created 15 service-line division patient-level risk-adjustment models using logistic regression, with
outcome Yig for the i-th patient in d division at the j-th hospital equal to 1 if the patient died within 30
days of admission and 0 otherwise. The patient-level risk-adjustment models allowed us to assess risk
factors and model performance without reference to the variation in performance across hospitals.

For the hospital-level results among each of the 15 service-line divisions, we used hierarchical logistic
regression models where death within 30 days is modeled as a function of patient-level demographic and
clinical characteristics and a random hospital-level intercept. This accounted both for the natural
clustering of observations within hospitals and captured a hospital-specific signal. We used the results of
each hierarchical logistic regression model to calculate a standardized mortality ratio (SMR) for each
hospital. The SMR was computed as the predicted mortality rate divided by the expected mortality rate
at each hospital for each division. These contributing SMRs were then pooled for each hospital to create
an overall hospital-wide SMR using the volume-weighted mean approach. To aid interpretation, this ratio
was then multiplied by the overall national observed mortality rate for all index admissions in all cohorts,
to produce the risk-standardized mortality rate or RSMR.
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Specifically, for a given service-line division, we estimated a hierarchical logistic regression model as
follows. Let Yiq denote the outcome (equal to 1 if patient i in d division at hospital j dies within 30 days, 0
otherwise) for a patient in a specified division d c {1,...,15}, at hospital j; Zisj denotes a set of risk factors.
Let M denote the total number of hospitals and Vg the number of index patient stays among d division in
hospital j. We assume the outcome is related linearly to the covariates via a logit function:

logit(Pr (Yig = 1)) = oLgj + B*Zigj (1)
Oldj = Ud + Ol
g~ N(0,74?)

where Zigj= (Zigj1, Zigi2, --- Zigjk) is a set of k patient-level covariates. a.qj represents the hospital-specific
intercept in d division; uq is the adjusted average outcome over all hospitals in d division; and 142 is the
between hospital variance component. The hierarchical logistic regression model for each cohort was
estimated using the SAS software system (GLIMMIX procedure).

Standardized Mortality Ratio for Each Service-Line Division

We used the results of each hierarchical logistic regression model to calculate standardized mortality
ratio as the predicted number of deaths over the expected number of deaths for each service-line
division at each hospital. The predicted mortality rate in each division was calculated, using the
corresponding hierarchical logistic regression model, as the sum of the predicted probability of death for
each patient, including the hospital-specific (random) effect. The expected number of deaths in each
division for each hospital were similarly calculated as the sum of the predicted probability of death for
each patient, setting the hospital-specific (random) effect to be zero. Using the notation of the previous
section, the model specific risk-standardized mortality ratio was calculated as follows. To calculate the
predicted mortality rate predq; for index admissions in each division d=1,...,15 at hospital j, we use:

predg = Slogit (o + B*Zig;) (2)

where the sum is over all mp;index admissions in division d with index admissions at hospital j. To
calculate the expected number expgj we use:

expq = Slogit™(1q + B*Zigy) (3)
Then, as a measure of excess or reduced mortality rate among index admissions in cohort D at hospital j,
we calculate the standardized mortality ratio SMRg; as:

SMRg¢; = predadj/expg; (4)
Hospital-Wide Risk-Standardized Mortality Rate

To report a single mortality score, the separate service-line division SMRs are combined into a single
value.

For a given hospital, j, which has patients in some subset of divisions d — {1,...,15}, we calculate the SMR
as described above for each division for which the hospital discharged patients. If the hospital does not
have index admissions in a given division d, then the weight wg; = 0. Then, calculate the variance-
weighted logarithmic mean:
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SMR; = exp( (> wqj log(SMRg)) / Swa; ) (5)

where the sums are over all service-line divisions and wy; is the hospital volume Vgj; note that if a hospital
does not have index admissions in a given division (wg; = 0) then that cohort contributes nothing to the
overall score SMR;. This value, SMR;, is the hospital-wide standardized mortality ratio for hospital j. To aid
interpretation, this ratio is then multiplied by the overall national observed mortality rate for all index
admissions in all cohorts, Y, to produce the risk-standardized hospital-wide mortality rate (RSMR;).

RSMRj = SMR,‘*Y (6)
Creating Interval Estimates
For Hybrid HWM Measure development, confidence interval estimates were not calculated due to the

smaller sample size in the development and re-specification datasets. In the future, the below approach
can be used to create confidence interval estimates.

We will first estimate the mean and variance for each log(SMR)q; based on the MCMC posterior
distribution of the log(SMRg;j). We let log(SMRg) denote the vector of log(SMRg;), where j=1,2,...,.J. We will
then utilize all posterior means of log(SMRg;) from each division and each hospital, if it exists, to construct
the covariance matrix of log(SMRg4), where d=1,2,...,15. This covariance matrix estimates the dependency
of SMRs between divisions and will be same for all the hospitals. We then will construct our confidence
interval for SMR; by considering all possible variances and covariances. Let f(.) denotes the equation (5).
According to the delta method, we have:3®

Because the log(SMRy;) are estimates rather than observations we will account for the measure errors
using X0_. (Var(log (SMRg;)), which will be estimated from the posterior distribution. Because we will
not assume the log(SMRg;) from different divisions are independent we cannot set the covariances to
zero; instead as an approximation we will sum over all the empirical variances and covariances of
log(SMRg;) using 23:123,:1 Cov(log (SMRy),log (SMR 1)), which will be from the covariance matrix.
Assuming a normal distribution for each SMR;, the confidence interval estimates will be calculated as
SMR;tZ5.975xSD(SMR;) where Zg¢7s is the 97.5% quantile for a standard normal distribution.

Given RSMR;- SMR;*Y, we will calculate the lower and upper bound of the confidence interval for RSMR;
by multiply Y to the corresponding estimates of the lower and upper bound of the SMR,;.
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4. MEASURE TESTING

The Hybrid HWM Measure estimates hospital-specific 30-day, all-cause RSMRs using hierarchical logistic
regression models. We calculated division-level measure results, using October 1, 2015 — December 30,
2016 data. The results of these analyses are presented below.

Index Cohort: Inclusion and Exclusion

The exclusion and inclusion criteria for this measure are presented in Section 3.3 Cohort and in the data
dictionary tabs. A flow chart of the cohort construction, including the percentage of admissions that met
each exclusion criterion in the October 2015 — December 2016 dataset is presented in Figure 3.

As shown in Figure 3, our original dataset with admissions from October 1, 2015-December 30, 2016
contained 285,829 admissions. After applying our inclusion and exclusion criteria as well as random
selection for one admission per patient, our index cohort contained 119,298 admissions.
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Figure 3. Cohort Inclusions and Exclusions in the October 2015 - December 2016 Dataset

\

Admissions with FFS for the
October 2015 — December 2016 Dataset:
M = 285, 829 admissions

/

As inclusion criteria, cohort
removes hospitalizations that do not
represent acute inpatient care, have
inadequate data for measurement, or
patients who are unlikely to have

survival as a pnimary goal of care:

Initial Index Cohort (hospitalizations
that meet all inclusion criteria, above)
for the October 2015 — December
2016 Dataset: N = 164,332
admissions (100%)

Exclusion criteria are index
hospitalizations that meet any of the
following exclusion criteria:

Final Index Cohaort
M=119,298 admissions
(96 49% of Imitial Index
Cohort)

Patients that did not meet inclusion
criteria® include those:

Transferred in from another facility (0.12%)

Aged under 50 or over 94 (35.65%)

Primarily treated for non-acute care
{(psychiatric care or rehabilitation) (0.38%)

Enrolled in Medicare hospice in 12 months
prior to, on day of index admission, or within
first 2 days of admission, death within 2 days
in hospice or hospice length of stay within 2
days (0.99%)

Primarily treated for cancer and enrolled in
hospice any time during admission stay
(0.21%)

Patients with metastatic cancer (4 46%)

Patients with select diagnoses for which
hospitals have limited ability to influence
survival (0.06%)

CCS modifications related to ICD-10 code
inclusion criteria (0.14%)

Secondary codes POA (2 85%)

Fatients that met exclusion criteria
include those:

Discharged against medical advice (0.41%)*
Inconsistent or unknown vital status (0%)*

Primarily treated for crush injury, burns,
intracranial injury, spinal cord injury, skull and
face fractures, or open wounds of head, neck,
and trunk (0.84%)*

Hospitalizations not randomly selected (one
index admission/patient'year) (23 80%)

With an admission in a low volume CCS
(3.51%)

*criterion not mutually exclusive
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Service-line Divisions

Results for each division for the patient-level logistic regression models, including the number of
admissions, unadjusted 30-day mortality rate, and the c-statistic are shown in Table 6.

The c-statistic is a measure of how accurately a statistical model is able to distinguish between a patient
with and without an outcome. While a higher c-statistic is desirable, we do not want to maximize it by
adjusting for factors that should not be adjusted for. The range of c-statistic results is 0.82 to 0.95 which
is better than results we have seen for other 30-day mortality measures.

Table 6. Index Hospitalizations, Observed Mortality Rates, and C-statistics by Division (October 2015-
December 2016) (Hybrid HWM Measure, using the Clinical Hybrid Re-specification Dataset)

Service-Line Division Index H(:’s::::a:lliz?tions (# Moori::ﬁ:\‘/l:‘lte C-Statistics
Non-Surgical: Cardiac 16,845 3.24% 0.89
Non-Surgical: Gastrointestinal 9,854 2.25% 0.91
Non-Surgical: Infectious Disease 16,190 9.80% 0.85
Non-Surgical: Neurology 5,113 4.28% 0.87
Non-Surgical: Orthopedics 3,512 1.94% 0.90
Non-Surgical: Pulmonary 7,280 6.94% 0.82
Non-Surgical: Renal 4,063 6.45% 0.87
Non-Surgical: Other 12,827 2.71% 0.89
Surgical: General 9,141 2.17% 0.95

For the service lines with insufficient data in the Clinical Hybrid Re-specification Dataset to calculate
results, we present results for the Claims-only HWM measure (using the Medicare Claims Re-specification
Dataset). The Hybrid HWM Measure uses the same concept, cohort, outcome and claims-based risk
adjustment variables as the Claims-only HWM measure, therefore there is no conceptual reason that
results from the Claims-only HWM measure would differ substantially from the Hybrid HWM Measure
results. Table 7 below shows high C-statistics for the service-line divisions ranging from 0.75 to 0.91.
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Table 7. Index Hospitalizations, Observed Mortality Rates, and C-statistics by Division (July 2016-June
2017) (Claims-only HWM measure, using the Medicare Claims Re-specification Dataset)

. . .. 'Ind.ex . Total # Hos:itals Observ.ed . ..
Service-Line Division Hospltal.lzatlons Hospitals > 95 Mortality = C-Statistics
(# Patients) ST Rate
Non-Surgical: Cancer 34,662 3,089 346 14.60% 0.75
Non-Surgical: Cardiac 536,468 4,429 2,775 6.43% 0.84
Non-Surgical: Gastrointestinal 321,708 4,401 2,573 4.85% 0.83
Non-Surgical: Infectious Disease 559,106 4,510 3,187 13.01% 0.83
Non-Surgical: Neurology 229,784 4,189 1,983 7.94% 0.82
Non-Surgical: Orthopedics 133,023 4,323 1,576 4.91% 0.81
Non-Surgical: Pulmonary 483,033 4,502 3,522 9.50% 0.80
Non-Surgical: Renal 330,453 4,418 2,509 8.73% 0.77
Non-Surgical: Other 400,634 4,537 2,635 5.54% 0.81
Surgical: Cancer 85,825 3,108 904 2.30% 0.83
Surgical: Cardiothoracic 132,613 3,134 1,084 6.37% 0.82
Surgical: Neurosurgery 30,816 2,042 382 3.01% 0.91
Surgical: Orthopedics 676,192 3,710 2,812 1.46% 0.90
Surgical: Other 156,833 3,597 1,588 4.06% 0.87
Surgical: General 205,562 4,008 2,065 6.56% 0.87
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Measure Results

Hospital-Level Overall Risk-Standardized Mortality Rates

The Hybrid HWM Measure score, or RSMR, for the 21 hospitals, ranged from a minimum of 3.98% to a
maximum of 5.43%. This narrow range is due to the small sample size and lack of a nationally
representative database. When tested in a full set of Medicare claims data we expect the results to be
similar to those for the Claims-only HWM measure; the distribution of the RSMR for the Claims-only
measure was a minimum of 3.95% to maximum of 8.70%. The mean RSMR was 6.85%. The distribution
can be found in Appendix E, Figure E.1.

The final Hybrid HWM Measure hierarchical logistic regression model results can be found in data
dictionary, RiskVariable ParameterEstimates.

Hospital-level Service-line Division Level SMRs

Table 8 below shows the distribution of division-level SMRs, and the between hospital variance for each
of the divisions for which we were able to calculate the SMR for the Hybrid HWM Measure. Table 9
includes service-line division results for the Claims-only HWM measure using the Claims Re-specification
Dataset for the other service-line divisions.

Table 8. Standardized Mortality Ratio (SMR) Distribution by Service-Line Division (October 2015-
December 2016) (Hybrid HWM Measure, using the Clinical Hybrid Re-specification Dataset)

Index Between
Divisions Hospitalizations Hospital Mean SMR Min SMR Max SMR
(# Patients) variance
Non-Surgical: Cardiac 16,845 0.0314 0.9997 0.8530 1.2433
Non-Surgical:
9,854 0.0321 1.0058 0.8542 1.1233

Gastrointestinal

Non-Surgical: 16,190 0.0296 1.0140 0.8273 1.2415
Infectious Disease

Non-Surgical: 5,113 0.1286 1.0397 0.7277 1.4785
Neurology

Non-Surgical: 3,512 0.0085 1.0002 0.9823 1.0247
Orthopedics

Non-Surgical: 7,280 0.0831 1.0373 0.7415 1.3691
Pulmonary

Non-Surgical: Renal 4,063 0.0324 1.0028 0.8976 1.1421
Non-Surgical: Other 12,827 0.0609 1.0095 0.7676 1.3016
Surgical: General 9,141 0.1149 1.0211 0.7495 1.4238
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Table 9. Standardized Mortality Ratio (SMR) Distribution by Service-Line Division (July 2016-June
2017) (Claims-only HWM measure, using the Medicare Claims Re-specification Dataset)

Between
Division Hospital =\ onsmr  MeanSMR - e smr Max SMR
Variance SE
(SE)
. 0.1601
Non-Surgical: Cancer (0.0237) 1.0393 0.1172 0.5144 1.8943
. . 0.0776
Non-Surgical: Cardiac (0.0058) 1.0235 0.1134 0.6251 1.5963
Non-Surgical: 0.0869
Gt (0.0087) 1.0316 0.1061 0.6440 1.5304
Non-Surgical: 0.1031
Infectious Disease (0.0052) 1.0287 0.1463 0.3877 1.7613
Non-Surgical: 0.0726
el (0.0078) 1.0219 0.0871 0.6951 1.4718
Non-Surgical: 0.0874
Orthopedics (0.0156) 1.0320 0.0782 0.6025 1.6871
Non-Surgical: 0.1082
oulEERY (0.0063) 1.0345 0.1696 0.5304 2.2827
. 0.0625
Non-Surgical: Renal (0.0054) 1.0207 0.0937 0.5807 1.4609
. 0.0898
Non-Surgical: Other (0.00710 1.0323 0.1201 0.5833 1.7853
. 0.2399
Surgical: Cancer (0.0427) 1.1030 0.1585 0.5502 2.3198
Surgical: 0.1181
Cardiothoracic (0.0142) 1.0345 0.1142 0.5415 1.7790
Surgical: 0.2644
Neurosurgery (0.0847) 1.1032 0.1313 0.6676 1.9969
Surgical: Orthopedics 0.0819 1.0323 0.0994 0.6151 1.6125
i (0.0109) ' : : :
. 0.0567
Surgical: Other (0.0128) 1.0202 0.1201 0.6934 1.2765
. 0.0942
Surgical: General (0.0102) 1.0289 0.0975 0.6056 1.6774
Predictive Ability
Method

Discrimination in predictive ability measures the ability to distinguish high-risk subjects from low-risk
subjects; therefore, for a model with good predictive ability we would expect to see a wide range in
mortality rates between the lowest decile and highest decile. To calculate the predictive ability, we
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randomly split the Clinical Hybrid Re-specification Dataset into two parts, one part was used as
development cohort and the other half was used validation. We examined the range of observed
mortality rates between the lowest and highest predicted deciles. We then observed mortality rate in
deciles of the predicted mortality rate and constructed calibration plots based on the validation data.

Results

The Hybrid HWM predictive ability results demonstrate a wide range between the lowest decile and
highest decile for each of the models, showing that that each model can distinguish between high and
low-risk subjects (Table 10).

Table 10. Division-Level Model Discrimination (Predictive Ability) (Hybrid HWM Measure, using the
Clinical Hybrid Re-specification Dataset)

Predictive Ability

Division

Lowest Decile (%) Highest Decile (%)
Non-Surgical: Cardiac 0.00 20.57
Non-Surgical: Gastrointestinal 0.00 16.22
Non-Surgical: Infectious Disease 0.25 42.92
Non-Surgical: Neurology 0.16 26.04
Non-Surgical: Orthopedics 0.00 12.69
Non-Surgical: Pulmonary 0.27 28.96
Non-Surgical: Renal 0.00 33.60
Non-Surgical: Other 0.00 17.19
Surgical: General 0.00 19.12

Additionally, the risk-decile plots (Appendix F, Figures F.1-F.15) show that the predicted risk closely
approximated the observed risk in most deciles. Higher observed mortality rates are associated with
higher predicted mortality rates in deciles, suggesting good calibration.

Measure Score Reliability

Method

The reliability of a measurement is the degree to which repeated measurements of the same entity agree
with each other. We estimated the overall measure score reliability by calculating the intra-class
correlation coefficient (ICC) using a split-sample method, where hospital performance is measured once
using a random subset of patients, then measured again using a second random subset exclusive of the
first; the agreement between the two resulting performance measures across hospitals is then
compared.*®

Fifteen months of ICD-10 claims and EHR data (Clinical Hybrid Re-specification Dataset, October 1, 2015 —
December 30, 2016) was used to calculate split-sample reliability. Admissions were randomly and evenly
split into the two split samples within each individual hospital. For each sample, we fit a hierarchical
generalized linear model for each service-line division and then aggregated the results into an overall
RSMR. The ICC estimated was ICC [2, 1], described in Landis and Koch, and assessed using conventional
standards.?® In total, 84,825 admissions and 21 hospitals were split randomly into two datasets. All 21
hospitals met the 25-case minimum.

46



Results

The agreement between the two independent assessments of the RSMR for each hospital in the split
samples was 0.6826, and the adjusted ICC (which estimates the ICC if we had been able to use one full
year of data in each split sample, or 24 months in total), is 0.7748 (Table 11). Both results show that the
measure demonstrates high reliability, according to conventional standards.*®

Table 11. Split Sample Reliability (All Hospitals, Hybrid HWM Measure, Splitting Samples of the Clinical
Hybrid Re-specification Dataset)

Split-sample reliability (all

hospitals)
Number of hospitals 21
ICC[2,1] 0.6826
Adjusted ICC [2,1] 0.7748

Empiric Validity

The external empiric validity was not directly tested in the Hybrid HWM Measure due to lack of
availability of EHR data from a nationally representative set of hospitals. Instead, we report results of
testing done in the Claims-only HWM measure, using the Medicare Claims-Only Measure Re-specification
Dataset. Because of the homology between the two measures, there is no reason to suspect that the
results of analyses done for the claims-only measure would differ in any significant way from results of
analyses for a nationally representative hybrid measure. Also, the measure scores based on the claims-
only model in the hybrid data are highly correlated to the measure scores based on the hybrid model
(correlation coefficient = 0.96).

Methods

To test the validity of the HWM measure score, we examined whether better performance on the Claims-
only HWM measure was related to better performance for other relevant structural and outcome
measures. However, together with our Technical Work Group, which consists of nationally recognized
experts in measure development, as well as other measurement experts, we have concluded that there is
no single recognized and accepted “gold standard” measure that specifically measures factors most
relevant to such a broad measure as Hospital-Wide Mortality (HWM). We did, however, identify three
relevant metrics against which we could compare the measure score with the hypothesis that a trend
toward correlation with these external assessments would support a conclusion of high measure score
validity.

1. Nurse-to-bed ratio: Several studies have found that higher levels of nurse staffing are associated
with improved patient outcomes and lower mortality rates.**** We used a nurse-to-bed ratio
calculated using two fields from the American Hospital Association’s (AHA) annual survey. The
AHA surveys all hospitals in the US and the response rate averages 85-95 percent annually,*
from about 6,000 hospitals. Staffing is measured as the numbers of full-time and part-time
registered nurses, and licensed practical nurses. Within the AHA’s annual survey from 2016, we
used the fields “FTEN” and “HOSPBD”, which are self- reported fields that are defined in the
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AHA data dictionary as: number of reported full-time registered nurse and number of hospital
beds.

2. Overall Hospital Quality Star Rating mortality group score: CMS’s Overall Hospital Quality Star
Rating assesses hospitals’ overall performance (expressed on Hospital Compare graphically, as
stars) based on a weighted average of group scores from different domains of quality (mortality,
readmissions, safety, patient experience, imaging, effectiveness of care, timeliness of care). The
mortality group is comprised of mortality measures that are publicly reported on Hospital
Compare. The mortality group score is derived from a latent-variable model that identifies an
underlying quality trait for that group. We used mortality group scores from 4,106 Medicare FFS
hospitals from July 2018. The full methodology for the Overall Hospital Quality Star Rating can
be found at:
https://www.qualitynet.org/dcs/ContentServer?c=Page&pagename=QnetPublic%2FPage%2FQn
etTier3&cid=1228775957165.

3. Overall Hospital Quality Star Rating: CMS’s Overall Hospital Quality Star Rating assesses
hospitals’ overall performance (expressed on Hospital Compare graphically, as stars) based on a
weighted average of “group scores” from different domains of quality (mortality, readmissions,
safety, patient experience, imaging, effectiveness of care, timeliness of care). Each group has
within it, measures that are reported on Hospital Compare. Group scores for each individual
group are derived from latent-variable models that identify an underlying quality trait for each
group. Group scores are combined into an overall hospital score using fixed weights; overall
hospital scores are then clustered, using k-means clustering, into five groups and are assigned
one-to-five stars (the hospital’s star rating). We used hospital’s star ratings from 3,715 Medicare
FFS hospitals from July 2018. The full methodology for the Overall Hospital Quality Star Rating
can be found at
https://www.qualitynet.org/dcs/ContentServer?c=Page&pagename=QnetPublic%2FPage%2FQn
etTier3&cid=1228775957165.

We examined the relationship of performance on the claims only measure scores (RSMR) with each of
the three external measures of hospital quality. For the external measures, the comparison was against
performance within quartiles for nurse-to-bed ratio and mortality group score, or in the case of Star
Ratings, to the Star Rating category (one to five Stars).

We also compared performance on these external measures with categories of performance on the
HWM measure by determining “outliers” of performance for the RSMR. Specifically, we identified
outliers by estimating an interval estimate (similar to a confidence interval) around each hospital score
and identified those facilities that had a 95% interval estimate entirely above or entirely below the
national average. We then assigned scores to one of three performance categories: 1) “no different than
national average,” 2) “better than the national average,” or 3) “worse than the national average.” — with
95% confidence. Hospitals categorized as outliers (“better” or “worse” than national average) on the
HWM measure were identified within the quartiles of performance on the comparator measure.

Results

For each external measure of quality, the comparison showed a trend toward better performance on the
HWM measure with better performance on the comparator measure (Figure 4, Figure 5, and Figure 6).
For example, in Figure 4, when comparing the Claims-only HWM measure scores to the nurse-to-bed-
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ratio, as the number of nurses per bed increases (more nurses in the hospital) across quartiles of nurse-
to-bed ratio (from left to right on the graph), the median overall HWM mortality rate is lower (better).
Likewise, in Figure 5, better performance on the HWM measure is associated with better Overall Hospital
Quality Star Rating mortality group scores across quartiles of mortality group score performance. Finally,
in Figure 6, we show that HWM performance improves across the star rating category in the expected
direction: HWM scores are better (lower) as the star rating category improves (increases from one to five
stars).

Note that the Overall Hospital Quality Star Rating includes quality measures that are much broader than
the HWM Measure, such as patient experience. This is consistent with the stronger relationship between
HWM and the Overall Hospital Quality Star Rating mortality measure group score (Figure 5), compared to
the Overall Hospital Quality Star Rating (Figure 6).

Within the graphs in Figure 4, Figure 5, and Figure 6, we also overlay “better” and “worse” outliers (95%
confidence interval, as described in Methods above) on the HWM measure, with performance on the
external measure. The overlay results are consistent with the trend toward better performance on the
HWM measure with better performance on the quality measure; there are more high outliers (shown in
total as “better” at the bottom of the graph, and as blue squares in the graph) with higher performance
for each comparator measure (moving left to right on the graphs below); there are also fewer “worse”
outliers (shown in total as “worse” at the bottom of the graph, and as red triangles in the graph). The
inverse is also observed: fewer “better” outliers and more “worse” outliers are present in quartiles of
worse performance on the comparator measure. For example, in Figure 4 below, which compares RSMR
to nurse-to-bed ratio, there are 19 HWM “better than national average” outliers in the third quartile (and
five “worse” outliers), and 49 HWM “better” outliers in the fourth quartile (and zero “worse” outliers). In
addition, in Figure 5, which compares RSMR to mortality group score, there are 96 HWM “better than
national average” outliers (and zero “worse” outlies) in the fourth (best performing) quartile, and 13
“worse than national average” (and zero “better”) outliers in the first (worst performing) quartile. A
similar relationship can be seen in Figure 6, in comparison to the Overall Hospital Quality Star Rating.
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Figure 4. Claims-only HWM RSMR: Relationship to Nurse-to-Bed Ratio
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Figure 5. Claims-only HWM RSMR: Relationship to Star Ratings Mortality Group Score
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Figure 6. Claims-only RSMR: Relationship to Overall Hospital Star Rating
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There is no single analysis that is sufficient to validate the measure because there is no gold standard that
exists for the validation of a hospital-wide quality measure. With this limitation in mind, the three empiric
external analyses support measure score validity based on trends in correlation with different hospital
quality metrics.

Face Validity

Methods

We systematically assessed the face validity of the Hybrid HWM Measure score as an indicator of quality
by confidentially soliciting the TEP members’ agreement with the following statement via an online
survey following the final TEP meeting: “The risk-standardized mortality rates obtained from the Hybrid
Hospital-Wide Mortality Measure as specified can be used to distinguish between better and worse
quality facilities.” The survey offered participants response options on a six-point scale (1=Strongly
Disagree, 2=Moderately Disagree, 3=Somewhat Disagree, 4=Somewhat Agree, 5= Moderately Agree, and
6=Strongly Agree).

Results

A total of six of the eight TEP members completed the face validity survey. Of the six respondents, five
respondents (83%) indicated that they somewhat, moderately, or strongly agreed and one somewhat
disagreed with the following statement: “The risk-standardized mortality rates obtained from the Hybrid
Hospital-Wide Mortality Measure as specified can be used to distinguish between better and worse
quality facilities.” Survey results from the TEP indicated high agreement (83%) regarding the face validity
of the Hybrid HWM measure.
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5. SUMMARY

This report summarizes the development, specifications, and testing of a hospital-level all-cause hospital-
wide 30-day mortality measure based on administrative claims data enhanced with clinical data elements
from the EHR for risk adjustment. We used a standard, accepted, and transparent approach to develop

the measure, and relied on close input from patients and clinicians throughout the development process.

The Hybrid HWM Measure offers several important benefits. First, it allows CMS, the public, patients, and
providers to monitor an important, patient-centered outcome. Second, it provides CMS with a tool for
broad performance assessment across a wide span of hospitals, complementing their existing Claims-only
and Hybrid HWR Measures. It does so with minimal burden to hospitals and no burden to patients by
leveraging reliably captured and valid clinical data elements that have been shown to be feasibly
extracted from the EHR without changes to standard clinical workflow, which improves the measure’s
risk models. Finally, measure score results with a full set of Medicare claims show a large range of
hospital performance, and the measure can provide more granular division-level performance
information that is of interest to both patients and clinicians.

However, one limitation of the testing results for the Hybrid HWM Measure is that due to the lack of
availability of a nationally representative dataset containing the needed EHR data elements, the current
report does not include testing results for the following clinical divisions: Non-surgical Cancer, and
Surgical Cardiothoracic, Cancer, Neurology, Orthopedics, and Other. Instead, we provide results from the
Claims-only HWM measure run with a one-year of Medicare claims. The claims only HWM measure uses
the same concept, cohort, outcome and claims-based risk adjustment variables as the Hybrid HWM
Measure; there is no conceptual reason that the results from the Claims-only HWM measure would be
substantially dissimilar to results from the Hybrid HWM Measure.

Measuring hospital-wide mortality is challenging. Earlier attempts did not exclude patients for whom
mortality is likely not a quality signal nor did they have the benefit of close patient and clinician
engagement in measure design. Throughout our discussions with stakeholders, including our TEP, we
heard support for the concept of measuring hospital-wide mortality and a strong desire for a measure
that offers patients and providers meaningful, detailed, and statistically valid performance data. This
measure was developed with expert and patient input throughout the process aimed at addressing
previous concerns, and is technically sound. The measure also offers the extra benefit of clinical risk
variables without adding to the overall measure burden.
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6. GLOSSARY

C-statistic: An indicator of the model’s discriminant ability or ability to correctly classify those who have
and have not died within 30 days of the start of the admission. Potential values range from 0.5, meaning
no better than chance, to 1.0, an indication of perfect prediction. Perfect prediction implies that patients’
outcomes can be predicted completely by their risk factors, and physicians and hospitals play no role in
their patients’ outcomes.

Case mix: The particular illness severity and age characteristics of patients with index admissions at a
given hospital.

Cohort: The index admissions used to calculate the measure after inclusion and exclusion criteria have
been applied.

Comorbidities: Medical conditions the patient had in addition to his/her primary reason for admission to
the hospital.

Complications: Medical conditions that may have occurred as a consequence of care rendered during
hospitalization.

Condition categories (CMS-CCs): Groupings of ICD-9-CM or ICD-10-CM diagnosis codes in clinically
relevant categories, from the Hierarchical Condition Categories (HCCs) system. CMS uses the grouping
but not the hierarchical logic of the system to create risk factor variables. Description of the Condition
Categories can be found at http://www.cms.hhs.gov/Reports/downloads/pope 2000 2.pdf.

Confidence interval (Cl): A Cl is a range of probable values for an estimate that characterizes the amount
of associated uncertainty. For example, the 95% ClI for the ORs associated with risk-adjustment variables
in the model indicates there is 95% confidence that the odds ratio (OR) lies between the lower and the
upper limit of the interval. The 95% Cl serves as a proxy for statistical significance for ORs; if the Cl does
not contain the value of 1.0, the association is considered significant.

Core clinical data elements (CCDE): A standardized set of clinical data that are consistently obtained on
adult hospital inpatients that could be feasibly extracted from electronic health records, to be used in risk
adjustment for hospital quality outcome measures.

Discharge condition category: A group of related discharge diagnosis ICD-9 or ICD-10 codes (principal
diagnoses), as grouped by the Agency for Healthcare Research and Quality (AHRQ) Clinical Classification
Software (CCS).

Electronic health record (EHR): A record in digital format that allows for systematic collection of
electronic health information about individual patients or populations. It theoretically allows for sharing
information across different healthcare settings.

Electronic health record data: Data derived specifically from the hospital EHR. In this report, in most
cases we are referring to the clinical data on patients, which are the core clinical data elements (CCDE).

Electronic specification: Refers to measure specifications derived from EHRs and contain four main
components, which are contained within the Measure Authoring Tool (MAT) Output: measure
overview/description, measure logic, measure code lists, and quality datasets elements.
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Expected mortality: The number of deaths expected based on average hospital performance with a given
hospital’s case mix and service mix.

First captured values: The first value for a data element recorded in the EHR after a patient arrives at the
facility for care. Identification of the first value requires a time and date stamp for the first interaction a
patient has with facility staff which results in a time or date stamp being entered in the Patient
Management System. This is most often the time and date of registration when basic demographic and
insurance information are provided and confirmed by non-clinical staff. An arrival location is also
required because patients can arrive in various locations including the emergency department, pre-
operative area, or to an inpatient unit or floor. The time and date stamps associated with the specific
data elements are then compared against the time of arrival to identify the first captured value.

Hierarchical model: A widely accepted statistical method that enables fair evaluation of relative hospital
performance by accounting for patient risk factors as well as the number of patients a hospital treats.
This statistical model accounts for the structure of the data (patients clustered within hospitals) and
calculates (1) how much variation in hospital mortality rates overall is accounted for by patients’
individual risk factors (such as age and other medical conditions); and (2) how much variation is
accounted for by hospital contribution to mortality risk.

Hybrid measure: A measure that uses two separate data sources. Specifically, the Hybrid HWM measure
uses Medicare claims data to derive the cohort, outcome, and comorbidities, and EHR-derived data to
add patient-level clinical data into the risk adjustment. This is in comparison to only using Medicare
claims as a single source of data for measure development and implementation.

Index admission: Any admission included in the measure calculation as the initial admission for an
episode of care to which the outcome is attributed.

Medicare fee-for-service (FFS): Original Medicare plan in which providers receive a fee or payment for
each individual service provided directly from Medicare. Only beneficiaries in Medicare FFS, notin
managed care (Medicare Advantage), are included in this measure.

National observed mortality rate: All included hospitalizations with the outcome divided by all included
hospitalizations.

Odds ratio (OR): The ORs express the relative odds of the outcome for each of the predictor variables.
For example, the OR for Protein-calorie malnutrition (CC 21) represents the odds of the outcome for
patients with that risk variable present relative to those without the risk variable present. The model
coefficient for each risk variable is the log (odds) for that variable.

Outcome: The result of a broad set of healthcare activities that affect patients’ well-being. For this
measure, the outcome is mortality within 30 days of admission.

Predicted mortality: The number of deaths within 30 days, predicted based on the hospital’s
performance with its observed case mix and service mix.

Risk-adjustment variables: Patient demographics and comorbidities used to adjust for differences in case
mix and service mix across hospitals.

Risk-standardized mortality rate (RSMR): The risk-standardized mortality rate is the standardized
mortality ratio (SMR) (see definition below), multiplied by the national observed mortality rate.

54



Service-line divisions: A group of index admissions for patients with related conditions or procedures
categories that are likely treated by similar care teams. There were 15 defined cohorts in this report. Each
service-line division has its own risk model. The service-line divisions are, Non-Surgical: Cancer, Cardiac,
Gastrointestinal, Infectious Disease, Neurology, Orthopedics, Pulmonary, Renal, Other; Surgical: Cancer,
Cardiothoracic, General, Neurosurgery, Orthopedics, Other.

Service mix: The particular conditions and procedures of the patients with index admissions at a given
hospital.

Standardized mortality ratio (SMR): For each hospital, the numerator of the ratio is the number of
deaths predicted for the hospital’s patients, accounting for its observed mortality rate, the number of
patients, and the hospital’s case- and service-line mix. The denominator is the number of deaths
expected nationally for that hospital’s case/service-line mix. A ratio greater than one indicates that more
patients died at that hospital than expected, compared to an average hospital with similar case/service-
line mix. A ratio less than one indicates that the hospital’s patients have fewer deaths than expected,
compared to an average hospital with a similar case/service-line mix.
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APPENDIX B. COMORBIDITY COMPARISON: CLAIMS vs CLINICAL HYBRID
DATASET

Table B.1. below compares patients 65 years and older in both the [Medicare] Claims-Only Development
Dataset and the Clinical Hybrid Development Dataset. The mean age and standard deviation of the
population is very similar. Comorbidity burden is relatively similar across the two datasets, although
some specific diagnoses are more common in the Claims-Only Development Dataset (such as Disorders of
Fluid/Electrolyte/Acid-Base Balance and Congestive Heart Failure), while others (such as Disorders of lipid
Metabolism and Septicemia) are more common in the Clinical Hybrid Development Dataset.

Table B.1. Risk Variable Frequencies Comparing Medicare Claims-Only Development Dataset and
Clinical Hybrid Development Dataset

Claims-Only Development Clinical Hybrid Development
Risk Variable Dataset DEIE
Frequency #  Percentage (%) Frequency# Percentage (%)
Age (Mean/SD) 77.87 7.90 77.45 7.93
Other Infectious Diseases (CC 7) 539171 13.93 12458 5.35
Metastatic & Severe Cancers (CC 8,9) 103144 2.66 6259 2.69
Protein-Calorie Malnutrition (CC 21) 296449 7.66 24746 10.62

Disorders of Fluid/Electrolyte/Acid-Base

Balance (CC 24) 1388492 35.87 23226 9.97
Disorders of Lipoid Metabolism (CC 25) 2117182 54.70 158747 68.13
Liver Failure (CC 27,30) 51192 1.32 2540 1.09
Other GI Disorders (CC 34-38) 1822504 47.09 142036 60.96
Other Musculoskeletal and Connective

Tissue Disorders (CC 44,5) 1333561 34.45 107530 46.15
Hematologic or Immunity Disorders (CC 355945 9.20 11400 4.89
46-48)

Dementia and Other Nonpsychotic

Organic Brain Syndromes (CC 51-53) 686894 17.75 39206 16.83
Coma/Brain Compression/Anoxic Injury

and Severe Head Injury (CC 80,166) 42028 1.09 908 0.33
Respiratory Failure, Respirator 524093 13.54 15202 6.52

Dependence, Shock (CC 82-84)
Congestive Heart Failure (CC 85) 1112605 28.75 24276 10.42

Hypertension and hypertensive heart
disease (CC 94,95)

Pneumonia (CC 114-116) 593118 15.32 44056 18.91
Dialysis or Severe Chronic Kidney Disease

2448768 63.27 145258 62.34

(CC 134,136,137) 223271 5.77 12231 5.25
Acute or Unspecified Renal Failure (CC

135,140) 710072 18.35 11172 4.79
Poisonings and Allergic and Inflammatory

Reactions (CC 175) 200537 5.18 9937 4.26
Minor Symptoms, Signs, Findings (CC 179) 1626182 42.01 152483 65.44
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Claims-Only Development Clinical Hybrid Development

Risk Variable Dataset Dataset
Frequency #  Percentage (%) Frequency# Percentage (%)

Principal Discharge Diagnosis CCS

Tuberculosis (CCS 1) 286 0.01 32 0.01
Septicemia (except in labor) (CCS 2) 296918 7.67 34017 14.60
:;cterlal infection; unspecified site (CCS 588 0.02 52 0.02
Mycoses (CCS 4) 3158 0.08 104 0.04
HIV infection (CCS 5) 407 0.01 32 0.01
Hepatitis (CCS 6) 1764 0.05 169 0.07
Viral infection (CCS 7) 6800 0.18 244 0.10
(8))ther infections; including parasitic (CCS 1726 0.04 _ _
Sexually transmitted infections (not HIV

or hepatitis) (CCS 9) 193 <0.00 - -
Cancer of head and neck (CCS 11) 3552 0.09 316 0.14
Cancer of esophagus (CCS 12) 1410 0.04 132 0.06
Cancer of stomach (CCS 13) 2626 0.07 204 0.09
Cancer of colon (CCS 14) 16978 0.44 1300 0.56
Cancer of rectum and anus (CCS 15) 4942 0.13 332 0.14
Cancer of liver and intrahepatic bile duct

(CCS 16) 2438 0.06 363 0.16
Cancer of pancreas (CCS 17) 3630 0.09 306 0.13
Cancer of other Gl organs; peritoneum

(CCS 18) 2400 0.06 185 0.08
Cancer of bronchus; lung (CCS 19) 18505 0.48 1234 0.53
Cancer; other respiratory and

intrathoracic (CCS 20) 326 0.01 31 0.01
(zii;mer of bone and connective tissue (CCS 1589 0.04 131 0.06
Melanomas of skin (CCS 22) 330 0.01 -- --
Other non-epithelial cancer of skin (CCS 1214 0.03 B B
23)

Cancer of breast (CCS 24) 5497 0.14 1954 0.84
Cancer of uterus (CCS 25) 4481 0.12 649 0.28
Cancer of cervix (CCS 26) 411 0.01 -- --
Cancer of ovary (CCS 27) 1698 0.04 -- --
Cancer of other female genital organs

(CCS 28) 925 0.02 - -
Cancer of prostate (CCS 29) 12301 0.32 1871 0.80
Cancer of other male genital organs (CCS 110 <0.00 _ _
31)

Cancer of bladder (CCS 32) 6266 0.16 898 0.39
Cancer of kidney and renal pelvis (CCS 33) 8416 0.22 602 0.26
Cancer of other urinary organs (CCS 34) 974 0.03 -- --
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Claims-Only Development Clinical Hybrid Development

Risk Variable Dataset Dataset
Frequency #  Percentage (%) Frequency# Percentage (%)

Cancer of brain and nervous system (CCS

35) 3605 0.09 259 0.11
Cancer of thyroid (CCS 36) 1042 0.03
Non-Hodgkin's lymphoma (CCS 38) 4873 0.13 354 0.15
Leukemias (CCS 39) 4078 0.11 181 0.08
Multiple myeloma (CCS 40) 2646 0.07 91 0.04
Cancer; other and unspecified primary
.02 7 .

(CCS 41) 656 0.0 5 0.03
Malignant neoplasm without specification

995 0.03 109 0.05
of site (CCS 43)
Neoplasms of unspecified nature or
uncertain behavior (CCS 44) el O == o
Maintenance chemotherapy;
radiotherapy (CCS 45) 4511 0.12 188 0.08
Benign neoplasm of uterus (CCS 46) 197 0.01 -- --
Other and unspecified benign neoplasm
(CCS 47) 12349 0.32 1677 0.72
?(l;betes mellitus with complications (CCS 9035 0.23 626 0.27
Gout and other crystal arthropathies (CCS 167 <0.00 B B
54)
Fluid and electrolyte disorders (CCS 55) 72337 1.87 3259 1.40
Deficiency and other anemia (CCS 59) 211 0.01 -- --
Coagulation and hemorrhagic disorders
(CCS 62) 165 <0.00 15 0.01
Other hematologic conditions (CCS 64) 135 <0.00 -- --
Meningitis (except that caused by
tuberculosis or sexually transmitted 1270 0.03 66 0.03

disease) (CCS 76)

Encephalitis (except that caused by
tuberculosis or sexually transmitted 1120 0.03 61 0.03
disease) (CCS 77)

Other CNS infection and poliomyelitis

(CCS 78) 707 0.02 56 0.02
Parkinson’s disease (CCS 79) 4006 0.10 92 0.04
Multiple sclerosis (CCS 80) 834 0.02 41 0.02
mervous system conditioes (CC3 51 8496 022 211 008
Paralysis (CCS 82) 552 0.01 -- --

Epilepsy; convulsions (CCS 83) 21684 0.56 1014 0.44
Coma; stupor; and brain damage (CCS 85) 2066 0.05 620 0.27
Heart valve disorders (CCS 96) 36247 0.94 1714 0.74
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Claims-Only Development Clinical Hybrid Development

Risk Variable Dataset Dataset
Frequency #  Percentage (%) Frequency# Percentage (%)

Peri-; endo-; and myocarditis;
cardiomyopathy (except that caused by
tuberculosis or sexually transmitted
disease) (CCS 97)

Essential hypertension (CCS 98) 8910 0.23 213 0.09
Hypertension with complications and
secondary hypertension (CCS 99)
Acute myocardial infarction (CCS 100) 131410 3.40 7036 3.02
Coronary atherosclerosis and other heart

7576 0.20 503 0.22

42013 1.09 1516 0.65

disease (CCS 101) 88744 2.29 6162 2.64
Nonspecific chest pain (CCS 102) 41726 1.08 3923 1.68
Pulmonary heart disease (CCS 103) 34976 0.90 2057 0.88
Conduction disorders (CCS 105) 18702 0.48 1838 0.79
Cardiac dysrhythmias (CCS 106) 183804 4.75 7764 3.33
Congestive heart failure; non-
hypertensive (CCS 108) 203230 5.25 11071 4.75
Occlusion or stenosis of precerebral
arteries (CCS 110) 3690 0.10 639 0.27
Other and ill-defined cerebrovascular

2752 0.07 120 0.05
disease (CCS 111)
Transient cerebral ischemia (CCS 112) 39882 1.03 1574 0.68
Late effects of cerebrovascular disease
(CCS 113) 3027 0.08 269 0.12
Peripheral and visceral atherosclerosis
(CCS 114) 3459 0.09 235 0.10
Aortic and peripheral arterial embolism or
thrombosis (CCS 116) 184 <0.00
Phlebitis; thrombophlebitis and

7 <0. - -
thromboembolism (CCS 118) > 0.00
Hemorrhoids (CCS 120) 5785 0.15 325 0.14
Pneumonia (except that caused by
tuberculosis or sexually transmitted 199409 5.15 6198 2.66
disease) (CCS 122)
Influenza (CCS 123) 20888 0.54 275 0.12
Acute bronchitis (CCS 125) 12931 0.33 272 0.12
Other upper respiratory infections (CCS 3942 0.10 194 0.08
126)
Chronic obstructive pulmonary disease
132341 42 2 1.

and bronchiectasis (CCS 127) 323 3 S0y =2
Asthma (CCS 128) 28473 0.74 2003 0.86
Aspiration pneumonitis; food/vomitus
(CCS 129) 39964 1.03 1507 0.65
Pleurisy; pneumothorax; pulmonary

16124 0.42 772 0.33
collapse (CCS 130)
Respiratory failure; insufficiency; arrest 68985 1.78 4388 1.88

(adult) (CCS 131)
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Claims-Only Development Clinical Hybrid Development

Risk Variable Dataset Dataset
Frequency #  Percentage (%) Frequency# Percentage (%)

Lung disease due to external agents (CCS

132) 1010 0.03 35 0.02
Other lower respiratory disease (CCS 133) 18308 0.47 1395 0.60
Other upper respiratory disease (CCS 134) 277 0.01 - -
Intestinal infection (CCS 135) 35578 0.92 1570 0.67
Esophageal disorders (CCS 138) 15068 0.39 955 0.41
Gastritis and duodenitis (CCS 140) 12060 0.31 515 0.22
Other disorders of stomach and

duodenum (CCS 141) 9945 0.26 540 0.23
Appendicitis and other appendiceal

conditions (CCS 142) 10224 0.26 1205 0.52
Abdominal hernia (CCS 143) 34344 0.89 3006 1.29
Regional enteritis and ulcerative colitis

(CCS 144) 5428 0.14 281 0.12
Intestinal obstruction without hernia (CCS 68942 178 4091 176
145)

Diverticulosis and diverticulitis (CCS 146) 63076 1.63 2867 1.23
Anal and rectal conditions (CCS 147) 6193 0.16 566 0.24
Biliary tract disease (CCS 149) 56274 1.45 4170 1.79
Pancreatic disorders (not diabetes) (CCS 26989 0.70 1798 0.77
152)

Gastrointestinal hemorrhage (CCS 153) 82245 2.12 4851 2.08
Noninfectious gastroenteritis (CCS 154) 19058 0.49 553 0.24
Other gastrointestinal disorders (CCS 155) 27867 0.72 2093 0.90
Nephritis; nephrosis; renal sclerosis (CCS 712 0.02 % 0.01
156)

Acute and unspecified renal failure (CCS 112224 590 3813 1.64
157)

Chronic kidney disease (CCS 158) 2108 0.05 246 0.11
Urinary tract infections (CCS 159) 125457 3.24 3801 1.63
Other diseases of kidney and ureters (CCS 3433 0.09 261 0.11
161)

Other diseases of bladder and urethra

(CCS 162) 842 0.02 - -
Hyperplasia of prostate (CCS 164) 127 <0.00 -- --
Nonmalignant breast conditions (CCS 167) 160 <0.00 -- --
Inflammatory diseases of female pelvic

organs (CCS 168) 114 <0.00 - -
Prolapse of female genital organs (CCS 936 0.02 _ _
170)

Ovarian cyst (CCS 172) 231 0.01 -- --
Menopausal disorders (CCS 173) 46 <0.00 -- --
Other female genital disorders (CCS 175) 937 0.02 68 0.03
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Claims-Only Development Clinical Hybrid Development

Risk Variable Dataset Dataset
Frequency #  Percentage (%) Frequency# Percentage (%)

Skin and subcutaneous tissue infections

(CCS 197) 72797 1.88 2608 1.12
Chronic ulcer of skin (CCS 199) 778 0.02 -- --
Infective arthritis and osteomyelitis

(except that caused by tuberculosis or 8630 0.22 538 0.23
sexually transmitted disease) (CCS 201)

Rheumatoid arthritis and related disease

(CCS 202) 890 0.02 - -
Osteoarthritis (CCS 203) 319802 8.26 25820 11.08
Other non-traumatic joint disorders (CCS 9679 0.5 303 0.13
204)

Spondylosis; intervertebral disc disorders;

other back problems (CCS 205) 104694 2.70 2258 2.26
Pathological fracture (CCS 207) 14886 0.38 871 0.37
Acquired foot deformities (CCS 208) 218 0.01 -- --
Other acquired deformities (CCS 209) 11662 0.30 390 0.17
Other connective tissue disease (CCS 211) 2639 0.07 392 0.17
Other bone disease and musculoskeletal

deformities (CCS 212) 9030 0.23 >30 0.23
Cardiac and circulatory congenital

anomalies (CCS 213) 970 0.03 28 o
Digestive congenital anomalies (CCS 214) 362 0.01 -- --
Nervous system congenital anomalies

(CCS 216) 99 <0.00 - -
Other congenital anomalies (CCS 217) 3162 0.08 -- --
Joint disorders and dislocations; trauma-

related (CCS 225) 3105 0.08 190 0.08
Fracture of neck of femur (hip) (CCS 226) 121231 3.13 6536 2.81
Skull and face fractures (CCS 228) 2932 0.08 105 0.05
Fracture of upper limb (CCS 229) 25228 0.65 1412 0.61
Fracture of lower limb (CCS 230) 34873 0.90 1983 0.85
Other fractures (CCS 231) 56917 1.47 1881 0.81
Sprains and strains (CCS 232) 3256 0.08 145 0.06
Open wounds of head; neck; and trunk

(CCS 235) 2058 0.05 135 0.06
Open wounds of extremities (CCS 236) 1657 0.04 124 0.05
Complication of device; implant or graft

(CCS 237) 46649 1.21 2880 1.24
Complications of surgical procedures or

medical care (CCS 238) 0t vy 1171 U=
Superficial injury; contusion (CCS 239) 7477 0.19 419 0.18
Syncope (CCS 245) 36058 0.93 2989 1.28
Fever of unknown origin (CCS 246) 5620 0.15 327 0.14
Lymphadenitis (CCS 247) 239 0.01 33 0.01
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Claims-Only Development Clinical Hybrid Development

Risk Variable Dataset Dataset
Frequency #  Percentage (%) Frequency# Percentage (%)

Gangrene (CCS 248) 3082 0.08 58 0.02
Shock (CCS 249) 343 0.01 40 0.02
Nausea and vomiting (CCS 250) 3987 0.10 389 0.17
Abdominal pain (CCS 251) 10576 0.27 849 0.36
Other aftercare (CCS 257) 532 0.01 3140 1.35
Residual codes; unclassified (CCS 259) 115 <0.00 -- --
Other and ill-defined heart disease (CCS 9999 0.06 153 0.07
104_2)
Cardiac arrest and ventricular fibrillation

17 <0. 1 .01
(CCS 107_1) 8 0.00 8 0.0
Cardiac arrest and ventricular fibrillation
(CCS 107_2) 2200 0.06 109 0.05
Acute cerebrovascular disease (CCS 28019 0.72 1700 0.73
109_1)
Acute cerebrovascular disease (CCS 178914 3.33 7962 3.12
109_2)
Aortic; peripheral; and visceral artery
aneurysms (CCS 115_1) 182 ORLY
Aortic; peripheral; and visceral artery

501 0.01 - -
aneurysms (CCS 115_2)
Aortic; peripheral; and visceral artery 1015 0.03 35 0.02

aneurysms (CCS 115_3)
Other circulatory disease (CCS 117_2) 179 <0.00 -- --
Gastroduodenal ulcer (except

hemorrhage) (CCS 139_1) 3865 0.10 224 0.10
Gastroduodenal ulcer (except

3768 0.10 195 0.08
hemorrhage) (CCS 139_2)
Peritonitis and intestinal abscess (CCS 853 0.02 47 0.02
148_1)
Peritonitis and intestinal abscess (CCS 1563 0.04 88 0.04
148_2)
Other liver diseases (CCS 151_1) 10153 0.26 634 0.27
Other liver diseases (CCS 151_2) 2461 0.06 216 0.09
Other injuries and conditions due to

7 . 4 .02

external causes (CCS 244 _1) 978 0.03 > 0.0
Other injuries and conditions due to
external causes (CCS 244_2) 6752 0.17 398 0.17
Other nutritional; endocrine; and
metabolic disorders (CCS 58_2) 4474 s - -
Other nervous system disorders (CCS 19952 0.52 176 0.08
95_1)
;);h:;' nervous system disorders (CCS 18617 0.48 1330 0.57
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APPENDIX C. CREATING THE FINAL SERVICE-LINE DIVISIONS
Grouping of Sub-Divisions

For surgical admissions, we used work done previously for the Hospital-Wide Readmission (HWR)
measure, which identified and then classified each major surgical procedure Clinical Classification
Software (CCS) into one of 10 surgical sub-divisions based on surgical service-line with clinician input;
these groupings were re-reviewed by five physicians on our team as well as our Technical Expert Panel
(TEP).

For the non-surgical admissions, two practicing physicians at CORE reviewed the CCS categories for
principal discharge diagnoses and grouped them into 23 clinically coherent non-surgical sub-divisions
based upon service-line. These sub-divisions were reviewed by three additional physicians and any
discrepancies were resolved by consensus among all physicians. The final sub-divisions were then
reviewed and endorsed by our TEP.

Combining Sub-Divisions into Service-Line Divisions

For each of the 23 non-surgical and 10 surgical sub-divisions, we then calculated the odds ratios (OR) for
risk of 30-day mortality with 95% confidence intervals (Cl) for all of the candidate comorbidity variables
(see Table C.1. below), and, for each of the surgical sub-divisions, we also calculated the OR for risk of 30-
day mortality with 95% CI for all of the principal discharge diagnosis CCSs. This ensured that the reason
for admission for the surgical patients (the principal discharge diagnosis) was also considered for
combining sub-divisions. This was not necessary for non-surgical divisions, as the non-surgical divisions
were defined using the principal discharge diagnosis CCS. We also calculated the number of patients
within each sub-division to understand possible case volume limitations across the sub-divisions. We
used this information to further combine sub-divisions into divisions based on clinical coherence as well
as similar directionality across the majority of the comorbid conditions, while still trying to ensure
adequate case volume.

Using this approach, we combined the 23 non-surgical sub-divisions into nine service-line divisions (eight
more homogeneous divisions, and one “Other Condition” division that included admissions across
multiple specialties), and the 10 surgical sub-divisions into six surgical divisions (five more homogeneous
divisions, and one “Other Procedures” division that included admissions across multiple types of
procedures). This created a total of 15 clinical or “service-line” divisions that are used both to organize
the cohort and for service-line risk adjustment. The 15 final service-line divisions are: Non-surgical:
Cancer, Cardiac, Gastrointestinal, Infectious Disease, Neurology, Orthopedics, Pulmonary, Renal, Other;
and Surgical: Cancer, Cardiothoracic, General, Neurosurgery, Orthopedics, Other.
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Table C.1. Candidate Claims-Based Risk Variables and Associated Condition Category (CC) (Original

Development)

Risk Adjustment Variable

Age

Transfer from Outside ED
Opportunistic/Chronic Infections
Lymphoma & Other Cancers

TIA and Other Cerebrovascular Disease
Vascular Disease with Complications
Vascular Disease

Other Circulatory Disease

Other Cancers & Heart or Respiratory Tumors
Fibrosis of Lung and Other Chronic Lung Disorders

Chronic Obstructive Pulmonary Disease
Asthma

Pneumonia

Pleural Effusion/Pneumothorax

Other Respiratory Disorders

Eye Infections and Retinal Disorders
Glaucoma

Other Eye Disorders

Other ENT and Mouth Disorders
Hearing Loss

Transplant Status

Dialysis or Severe Chronic Kidney Disease
Acute or Unspecified Renal Failure
Mild to Moderate Chronic Kidney Disease
Other Benign Tumors

Other Renal or Urinary Tract Disorders
Urinary Obstruction and Retention
Urinary Incontinence

Urinary Tract Infection

Female Genital Disorders

Male Genital Disorders

Pressure Ulcer

Burns, Non-pressure Ulcers

Cellulitis, Local Skin Infection

Other Dermatological Disorders

Other Head Injuries or Concussion

N/A

N/A
CC1,3-6,39
CC 10

CC 101, 102
CC 106, 107
CC 108

CC 109
CC11-13
cC 110, 112
cc 111
cc113

CC 114-116
cc117
cc118

CC 120-122, 124, 125

CC126
CC128
CC 129,131
CC130

CC 132, 186, 187
CC 134, 136, 137

CC 135, 140
CC 138, 139
CC 14-16
CC 141, 145
CC 142

CC 143

CC 144

CC 147, 148
CC 149

CC 157-160
CC 161-163
CC 164

CC 165

CC 167, 168

Condition Category (CC)
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Risk Adjustment Variable

Amputation Status and Major Fractures Including
Vertebral, Hip, and Other

Diabetes

Other Injuries

Poisonings and Allergic and Inflammatory
Reactions

Complications of Care

Major Symptoms, Abnormalities

Minor Symptomes, Signs, Findings

Septicemia, Sepsis, Systemic Inflammatory
Response Syndrome/Shock

Protein-Calorie Malnutrition

Morbid Obesity

Other Significant Endocrine and Metabolic
Disorders

Disorders of Fluid/Electrolyte/Acid-Base Balance
Disorders of Lipoid Metabolism

Other Endocrine/Metabolic/Nutritional Disorders
Liver Failure

Cirrhosis & Chronic Hepatitis

Other Liver & Biliary Disease

Intestinal Obstruction/Perforation, Peptic Ulcer,
Hemorrhage, and Other Specified Gl Disorders
Other Gl Disorders

Rheumatoid Arthritis and Inflammatory
Connective Tissue Disease

Disorders of the Vertebrae and Spinal Discs
Osteoarthritis of Hip or Knee

Osteoporosis and Other Bone/Cartilage Disorders
Other Musculoskeletal and Connective Tissue
Disorders

Hematologic or Immunity Disorders

Iron Deficiency and Other/Unspecified Anemias
and Blood Disease

Delirium and Encephalopathy

Dementia and Other Nonpsychotic Organic Brain
Syndromes

Drug/Alcohol Dependence or Psychosis
Drug/Alcohol Abuse, Without Dependence
Psychosis: Schizophrenia, Reactive, and
Unspecified

Major Depressive, Bipolar, and Paranoid Disorders

Condition Category (CC)

CC 169-171, 173, 189, 190

CC17-19
CC172,174
CC175

CC 176,177
CC178
CC179
CcC2

cC21
cc22
cc23

CC24
CC25
CC26
CC27,30
CC28, 29
CC31, 32
CC33,36

CC34,35,37,38
CC40

cca1
cc42
cc43
CC 44, 45

CC46-48
CC49

CC50
CC51-53

CC 54,55
CC56
CC57,59

CC58
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Risk Adjustment Variable

Condition Category (CC)

Other Psychiatric Disorders

Depression

Anxiety Disorders

Other Developmental Disorders

Other Infectious Diseases

Paralytic Syndromes

Neuromuscular Disorders

Seizure Disorders and Convulsions

Metastatic & Severe Cancers

Coma/Brain Compression/Anoxic Injury and
Severe Head Injury

Polyneuropathy, Mononeuropathy, and Other
Neurological Conditions/Injuries

Respiratory Failure, Respirator Dependence, Shock
Congestive Heart Failure

Acute Myocardial Infarction

Angina and Unstable Angina

Coronary Atherosclerosis/Other Chronic Ischemic
Heart Disease
Other and Unspecified Heart Disease

Valvular and Rheumatic Heart Disease
Hypertension and Hypertensive Heart Disease
Heart Rhythm and Conduction Disorders

Cerebral Hemorrhage, Stroke, Late Effects of
Stroke

CC 60, 63

ccel

cC62

CC 64-68

cc7

CC 70-72, 103, 104
CC 73-76, CC78
cC79

cC8,9

CC 80, 166

ccs1

CC 82-84
CC85
CC86
CC87,88
CC89

CC 90,92, 93, 98
ccal

CC94, 95

CC 96, 97

CC 99, 100, 105

Note: Descriptions of the Condition Categories can be found at
http://www.cms.hhs.gov/Reports/downloads/pope 2000 2.pdf
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APPENDIX D. FINAL RISK MODEL SELECTION (CLINICAL HYBRID DEVELOPMENT
DATASET)

After we finalized the risk variables during initial development (including age, the 10 clinical electronic
health record (HER)-based risk variables, the claims-based comorbid risk variables, and the principal
discharge diagnosis variables), we tested three different risk models within the Clinical Hybrid
Development Dataset. We directly compared the claims-only risk model calculated in the Clinical Hybrid
Dataset to multiple variants that included clinical EHR-based risk variables and selected the best risk
model based upon statistical performance and face validity as determined by our Technical Expert Panel
(TEP). We tested the following risk models:

1. Baseline: “Claims-Only Risk Model”: Uses only claims-based variables in risk model
a. Service mix: Agency for Healthcare Research and Quality (AHRQ) Clinical Classification
Software (CCS) categories for patients’ principal discharge diagnoses captured from
claims data
b. Case mix: CMS Condition Categories (CCs) for patients’ comorbidities captured from
claims data during hospitalizations in the 12 months prior to and including the index
admission (age plus 19 CC risk variables for each service-line division risk model from
Claims-only HWM measure)
2. “Clinical-Only Risk Model”: Uses only EHR-based clinical variables in risk model (no claims
comorbidity OR principal discharge diagnoses)
a. Service mix: None
b. Case mix: age plus 10 clinical variables captured from EHR data
3. “Clinical + Principal Discharge Diagnoses Risk Model”: Uses EHR-based clinical variables with
claims-based principal discharge diagnoses in risk model (no claims comorbidity)
a. Service mix: AHRQ CCS categories for patients’ principal discharge diagnoses captured
from claims data
b. Case mix: age plus 10 clinical variables captured from EHR data
4. “Clinical + Claims Risk Model”: Uses EHR-based clinical variables + claims-based comorbidity and
principal discharge diagnosis variables in risk model:
a. Service mix: AHRQ CCS categories for patients’ principal discharge diagnoses captured
from claims data
b. Case mix: Both the age plus 10 clinical variables captured from EHR data and the CCs for
patients’ comorbidities captured from claims data during hospitalizations in the 12
months prior to and including the index admission (19 CC risk variables and age plus 10
clinical variables for each division risk model)

Table D.1 shows the c-statistics produced by each of the four models for each division and demonstrates
that all four models provide similar discrimination. Each risk model offers slightly different advantages.
The risk models with clinical data offer greater face validity and capture data reflecting the status of
patients upon presentation. The Clinical + Principal Discharge Diagnoses Risk Model, without claims-
based comorbidity data, would allow inclusion of patients who do not have 12 months of history data
available (approximately 700,000 more potential admissions in the measure cohort when applied to the
entire Medicare FFS population). However, this model performed slightly worse than other models. After
reviewing the results with our TEP and based upon their preference for higher discrimination over other
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features (parsimony, not requiring 12 months of history data), we selected Clinical + Claims Risk Model
for the Hybrid HWM Measure.

Rationale: The Clinical + Claims Risk Model, which includes the broadest set of risk variables, had the best
statistical performance and the highest face validity per the majority of the TEP by accounting for clinical
EHR variables, principal discharge diagnoses, and comorbidities identified using claims-data. While it does
require the exclusion of patients not enrolled in Medicare for 12 months prior to admission, this was the
preferred model by the majority of the TEP.

Table D.1. Comparison of C-Statistics by Division of Clinical-Only Model, Claims-Only Model, Clinical +
Principal Discharge Diagnoses Model, and Final Hybrid (Clinical + Claims) Model, Using Clinical Hybrid
Dataset (January 1, 2010 — December 31, 2015)

Clinical-Only  Claims-Only Cllnlca:\l + Principal Cllrflcal + Cla.lms
. Discharge (Final Hybrid)
Division Model C- Model C- .
Statistic Statistic Diagnoses Model C- Model C-
Statistic Statistic
Non-Surgical: 0.79 0.83 0.84 0.87
Cancer
Non-Surgical: 0.84 0.84 0.86 0.88
Cardiac
Non-Surgical:
Gastrointestinal o= o S DER
Non-Surgical: 0.79 0.78 0.79 0.83
Infectious Disease
Non-Surgical: 0.74 0.81 0.80 0.83
Neurology
Non-Surgical:
Orthopedics 0.82 0.86 0.85 0.88
Non-Surgical: 0.75 0.76 0.78 0.80
Pulmonary
Non-Surgical: 0.82 0.83 0.83 0.86
Renal
Surgical:
Cardiothoracic 0.80 0.83 0.85 0.85
Surgical: General 0.89 0.92 0.93 0.94
Surgical: 0.85 B B B
Neurosurgery
Surgical:
Orthopedics 0.89 0.92 0.92 0.93
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APPENDIX E. ADDITIONAL CLAIMS-ONLY HWM RESULTS (USING MEDICARE
CLAIMS RE-SPECIFICATION DATASET)

Table E.1 through Table E.4 and Figure E.1 provide additional results for the Claims-only HWM Measure,
using the Medicare Claims Re-specification Dataset, for reference as to what may be expected for the
Hybrid HWM Measure in a national dataset.

Table E.1. Hospital Volume Distribution by Number of Divisions (July 2016-June 2017) (Claims-only
HWM measure, using the Medicare Claims Re-specification Dataset)

T # Mean # Median#  Min # 25t 75t VEVE:
Hospitals Patients Patients Patients Quartile Quartile Patients
1-5 Divisions 209 73 136 14 1 6 55 674
6-10 Divisions 974 100 210 63 9 38 103 5,043
11-15 Divisions 3,509 1,204 1,292 747 35 283 1,686 14,256

Table E.2. Number of Hospitals by Volume and Divisions (July 2016-June 2017) (Claims-only HWM
measure, using the Medicare Claims Re-specification Dataset)

Hospital # Hospitals 1-5 Divisions  6-10 Divisions 11-15 Divisions
Volume

All hospitals 4,692 209 974 3,509
<25 Patients 237 136 101 0
25'.144 1,111 39 747 325
Patients

144-456 1,115 26 102 987
Patients

456-1,384 1,115 8 21 1,086
Patients

>

_1'?84 1,114 0 3 1,111
Patients
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Figure E.1. Distribution of Hospital 30-Day HWM RSMRs between July 2016 and June 2017 (Claims-
only HWM measure, using the Medicare Claims Re-specification Dataset)
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Table E.3. Distribution of RSMRs (July 2016-June 2017) (Claims-only HWM measure, using the
Medicare Claims Re-specification Dataset)

#

. . . 25% 75% .
Hospitals Mean SD Median Minimum Quartile  Quartile Maximum
All Hospitals 4,692 6.85% | 0.41% 6.93% 3.95% 6.66% 7.09% 8.70%
Hospitals with 4455 |6.84% |0.42% | 6.91% | 3.95% | 6.64% | 7.09% 8.70%
>=25 Patients
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Table E.4. Distribution of RSMRs by Number of Divisions (July 2016-June 2017) (Claims-only HWM
measure, using the Medicare Claims Re-specification Dataset)

#

# Divisions Hospitals SD Median Minimum Qjas:/toile Q:as:/toile Maximum
Division:1-5 209 7.03% | 0.16% | 7.02% 6.29% 6.96% 7.08% 7.65%
Division:6-10 974 7.01% |0.18% | 7.01% 5.51% 6.91% 7.11% 7.60%
Division:11-15 3,509 6.80% | 0.46% | 6.86% 3.95% 6.56% 7.08% 8.70%
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APPENDIX F. RISK DECILE PLOTS

Figure F.1 through Figure F.9 below show the risk-decile plots for each of the nine divisions with sufficient
data for calculation in the Hybrid HWM Measure (using the Clinical Hybrid Re-specification Dataset).

Figures F.10 through Figure F.15 show the risk-decile plots for the for the other six divisions in the Claims-
only HWM measure, using the Medicare Claims Re-specification Dataset.

Figure F.1. Risk Decile Plot for the Non-Surgical

Cardiac Division (Hybrid HWM Measure, using
the Clinical Hybrid Re-specification Dataset)

Cardiac Division

B Observed Mortality Rates

®m Predicted Mortality Rates

Figure F.3. Risk Decile Plot for the Non-Surgical
Infectious Disease Division (Hybrid HWM
Measure, using the Clinical Hybrid Re-
specification Dataset)
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Figure F.2. Risk Decile Plot for the Non-Surgical
Gl Division (Hybrid HWM Measure, using the
Clinical Hybrid Re-specification Dataset)
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Figure F.4. Risk Decile Plot for the Non-Surgical
Neurology Division (Hybrid HWM Measure,
using the Clinical Hybrid Re-specification
Dataset)
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Figure F.5.Risk Decile Plot for the Non-Surgical
Orthopedic Division (Hybrid HWM Measure,
using the Clinical Hybrid Re-specification
Dataset)
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Figure F.7. Risk Decile Plot for the Non-Surgical
Renal Division (Hybrid HWM Measure, using
the Clinical Hybrid Re-specification Dataset)
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Figure F.6. Risk Decile Plot for the Non-Surgical

Pulmonary Division (Hybrid HWM Measure,

using the Clinical Hybrid Re-specification
Dataset)
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Figure F.8. Risk Decile Plot for the Non-Surgical

Other Division (Hybrid HWM Measure, using
the Clinical Hybrid Re-specification Dataset)
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Figure F.9. Risk Decile Plot for the Surgical General Division (Hybrid HWM Measure, using the Clinical

Hybrid Re-specification Dataset)
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Figure F.10. Risk Decile Plot for the Non-
Surgical Cancer Division (Claims-only HWM
Measure, using the Medicare Claims Re-
specification Dataset)

Figure F.11. Risk Decile Plot for the Surgical
Cancer Division (Claims-only HWM Measure,
using the Medicare Claims Re-specification
Dataset)
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Figure F.12. Risk Decile Plot for the Surgical
Cardiothoracic Division (Claims-only HWM
Measure, using the Medicare Claims Re-
specification Dataset)

Figure F.13. Risk Decile Plot for the Surgical
Neurosurgery Division (Claims-only HWM
Measure, using the Medicare Claims Re-
specification Dataset)

Surgical: Cardiothoracic

50% o

45% -

40%

35%

30%

25%

Risk

20%

15%

10%

5%

0% -

Dacile

B Observed B Pradicled

Surgical: Neurosurgery
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Figure F.14. Risk Decile Plot for the Surgical
Orthopedic Division (Claims-only HWM
Measure, using the Medicare Claims Re-
specification Dataset)

Figure F.15. Risk Decile Plot for the Surgical
Other Division (Claims-only HWM Measure,
using the Medicare Claims Re-specification

Dataset)
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CENTER FOR OUTCOMES
YaleNewHaven C s R RESEARCH AND EVALUATION
APPENDIX G. HYBRID HWM MEASURE TESTING FOR COMBINED (MA+FFS) COHORT

Evaluation of the Impact of Incorporating Medicare Advantage Admissions into

the Hybrid Hospital-Wide Mortality Measure
Data Supplement: March 2023
Overview

In this supplemental data, we present the rationale and initial testing results of integrating Medicare Advantage (MA)
beneficiaries in the Hybrid Hospital-Wide Mortality (HWM) measure. The only change to the current Hybrid HWM
measure is the addition of Medicare Advantage (MA) admissions into the cohort; all other specifications remain the
same. The cohort included 6,883,980 eligible inpatient admissions (2,466,453 MA and 4,417,527 Fee-for-Service)
extracted from the Centers for Medicare & Medicaid Services (CMS) Integrated Data Repository (IDR) for Fee-for-Service
(FFS) inpatient claims, hospital-submitted MA inpatient claims, and Medicare Advantage Organization (MAO)-submitted
MA inpatient encounter claims. The addition of MA inpatient admissions into the HWM measure improved reliability,
improved the precision of measure scores, and led to more hospitals and beneficiaries included in the measure. The
mean of hospital risk-standardized mortality rates (RSMRs) was very similar for the combined FFS and MA (FFS+MA)
cohort compared to the FFS-only cohort (6.35% versus 6.39% for hospitals with 25 or more admissions). Among
hospitals with 25 or more FFS admissions, most hospitals remained in their same performance quintile after the addition
of MA inpatient admissions, with the greatest shifts seen in hospitals with a high percentage of MA inpatient admissions.

Testing was done in the claims-only, rather than Hybrid version, of the HWM measure due to lack of availability of
electronic health record (EHR) data. The hybrid version of the measure is identical to the claims-only version except for
the additional core clinical data elements (CCDE) obtained from the EHR used for risk adjustment in addition to the
claims-based risk variables. It is very unlikely that the addition of these CCDE risk variables would affect the impact of
adding MA data into the hybrid HWM measure. The CCDE were tested within the Kaiser Permanente Northern California
(KPNC) patient population, which is almost entirely Medicare Advantage patients. Further, measure scores based on the
claims-only data are highly correlated to the measure scores based on the hybrid model including the CCDE risk variables
in the same Kaiser Permanente data. In the Kaiser data, the overall correlation of RSMRs calculated using claims only
and claims plus EHR data was 0.96 (please refer to the Measure Testing and Results section of this Methodology Report
for those results).

Importance of Including MA Beneficiaries in Hospital Outcome Measures

Including MA beneficiaries in CMS hospital outcome measures would help ensure that hospital quality is measured
across all Medicare beneficiaries and not just the FFS population. MA beneficiary enrollment has been rapidly expanding
as a share of Medicare beneficiaries. In 2022, nearly 48% of the eligible Medicare beneficiaries — or 28 million people —
were covered by Medicare Advantage plans.*® The Congressional Budget Office projects that by 2030, 62% of
beneficiaries will be covered by MA plans. MA coverage also varies across counties and states (ranging between one to
59%) with lower enrollment in rural states.*’ Consequently, using FFS-only beneficiaries may exclude a large segment of
the focus population for CMS quality measures, which are intended to reflect the health of all Medicare beneficiaries.

Inclusion of MA beneficiaries has several important benefits for the reliability and validity of the hospital outcome
measures. The addition of MA beneficiaries to the cohort would significantly increase the size of the measure’s cohort,
enhance the reliability of the measure scores, lead to more hospitals receiving results, and increase the chance of
identifying meaningful differences in quality for some low-volume hospitals. Moreover, this update would address
stakeholder concerns about differences in quality for MA and FFS beneficiaries.* %8
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The addition of MA inpatient admissions also allows for inclusion in the measure of beneficiaries who switch between
FFS and MA. CMS’s claims-based measures (CBMs) can require enrollment in FFS Part A and Part B for the 12 months
prior to the date of admission and Part A during the index admission and at least one month after discharge. Currently,
for the beneficiaries that switch from MA to FFS plans each year during the open enrollment period, their admissions are
excluded from the cohort if disenrollment occurs in the 12 months prior to the date of admission. Similarly, beneficiaries
that switch from FFS to MA in the month following index admission will also be excluded from the measure cohort.

Objectives of Current Analysis

We assessed the impact of incorporating MA inpatient admissions into a claims-based FFS Hospital-Wide Mortality
(HWM) measure. Given that the only difference between the Hybrid HWM and a claims-based HWM measures is the
addition of CCDE obtained from the electronic health record (EHR), the impact of the addition of MA inpatient
admissions into the Hybrid measure is expected to be comparable to the findings presented herein. We assessed
differences in 30-day observed mortality rates and prevalence of demographic and claims-based risk adjustment
variables for MA versus FFS admissions. We then assessed risk-standardized mortality rates (RSMRs) for a combined
FFS+MA cohort as compared to the FFS-only cohort, overall and by 15 service line divisions at the patient and hospital
level. Changes in hospital performance quintiles and signal-to-noise ratio reliability and test-retest reliability for the
HWM measure were assessed after the addition of MA admissions to the FFS-only cohort.

Methods

Data Sources
We used the CMS IDR to extract inpatient claims data for FFS-only, hospital-submitted MA, and Medicare Advantage
Organization (MAO)-submitted MA inpatient claims. Only inpatient data is used for risk-adjustment of the HWM
measure. We downloaded claims data with claim through date (CLM_THRU_DT) in the years of 2017, 2018, and 2019 for
the Medicare FFS and Medicare Advantage (MA) plans based on the following claim types (CLM_TYPE_CD):

e 60 for FFS inpatient admissions,

e 62/63/64 for hospital-submitted MA inpatient admissions, and

e 4011/4041 for MAO-submitted MA inpatient admissions.

We determined the impact of adding inpatient MA data to the FFS-only HWM measure. Using IDR data, we followed the
methodology for the current FFS-only HWM measure for cohort inclusion/exclusion criteria, risk factors derivations from
inpatient claims diagnoses during the 12 months prior to admission or present at index admission, outcome definitions,
and measure score calculation. After adding the MA beneficiaries, the enrollment requirement was updated to 12
months FFS or MA enrollment prior to the index admission and 30 days after index admission. Information on the HWM
measure methodology, including measure specifications and calculation methodology, can be found within the zip file
Core Clinical Data Elements and Hybrid Measures, in Section 3 of the Hybrid Hospital-Wide (All-Condition, All-Procedure)
Risk-Standardized Mortality Measure with Electronic Health Record Extracted Risk Factors Methodology Report Version
2.0 on QualityNet at: https://www.cms.gov/Medicare/Quality-Initiatives-Patient-Assessment-
Instruments/HospitalQualitylnits/Measure-Methodology.

To create the combined FFS+MA cohort, we chose to combine the MAO-submitted and hospital-submitted MA
admission claims. First, while most hospitals submit MA inpatient claims, not all hospitals are required to submit claims
for MA beneficiaries (i.e., those that do not receive disproportionate-share hospital or medical education payments from
Medicare), so MAO-submitted claims capture additional admissions not found in the hospital-submitted claims.
However, there are benefits in including the hospital-submitted claims. A small proportion of admissions were only
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found in the hospital-submitted claims, and hospital-submitted claims are timelier than MAO-submitted claims, which is
advantageous for reporting deadlines for CMS hospital outcome measures. Further, unlike MAO-submitted claims which
are associated with a National Provider Identifier (NPI), hospital-submitted claims are already associated with a CMS
Certification Number (CCN) used to identify hospitals in the CMS outcome measures. Therefore, if an admission was
found in both datasets, we used the claim found in the hospital-submitted data. For a small portion of admissions with
only MAO-submitted claims, we used IDR provider history data to map NPI to CCN.

The cohort tested included hospital admissions with discharge dates from July 1, 2018 to June 30, 2019. The risk
adjustment data were derived from both FFS and MA inpatient claims one year prior to and during the index claims. The
HWM cohort included 6,883,980 eligible admissions (2,466,453 MA and 4,417,527 FFS). We used the Agency for
Healthcare Research and Quality (AHRQ) pre-2019 Clinical Classification Software (CCS), with Yale-CORE modifications,
to group International Classification of Diseases, Tenth Revision (ICD-10) diagnosis/procedure codes into 15 clinically
meaningful categories, i.e., service line divisions, as described in the methodology report cited above. See Table G.1 for a
list of the six surgical and nine non-surgical service line divisions.

Table G.1: List of Non-Surgical and Surgical Service Line Divisions

Non-Surgical Divisions Surgical Divisions
Cancer General

Cardiac Cancer
Gastrointestinal Cardiothoracic
Infectious Disease Neurosurgery
Neurology Orthopedic
Orthopedics Other

Pulmonary -

Renal -

Other -

We calculated measure results for the combined FFS+MA admissions and compared to the results for FFS-only
admissions. We compared observed mortality rates between MA and FFS admissions in the 15 service line divisions. We
then examined risk variable prevalence in MA and FFS admissions. We compared model performance metrics, c-statistic
and predictive ability, in each service line division between FFS+MA versus FFS-only admissions using patient-level
logistic regression models.

We used hierarchical logistic models with a random effect for hospitals to calculate hospital-level risk-standardized
mortality ratios and rates (SMRs and RSMRs) for each service line division and then calculated the hospital-level
measure score and RSMRs in the overall cohort. We repeated the above analyses with FFS-only claims and compared
the number of hospitals, number of admissions, and RSMRs from FFS-only and combined FFS+MA data. We also
calculated test-retest reliability for the total cohort and signal-to-noise reliability (STNR) for each of the service line
divisions based on between hospital variance and hospital volume. In general, the higher the volume or between
hospital variance, the higher the STNR.

To assess the overall impact of adding MA data to hospital measure scores, we examined shifts in hospital RSMR
quintiles in the FFS-only cohort versus the combined FFS+MA cohort among hospitals with 25 or more FFS admissions.
To examine the associations between hospital characteristics and the addition of MA data, we first examined quintile
shifts in hospital RSMR by quintiles of the proportion of hospital MA admissions and by quintiles of overall hospital
volume. We also calculated the change of RSMR, defined as the difference between RSMRs using FFS+MA and FFS-only
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data for hospitals. For example, if the hospital RSMR was 6% using FFS-only data and 6.3% using FFS+MA data, the
change of RSMR was 0.3%. We then calculated the correlation coefficient between change of RSMR with hospital
proportion of MA and with hospital volume.

Results

Admission volume, observed mortality rate, and demographic and risk adjustment variables

For the July 1, 2018 — June 30, 2019 dataset, there were 6,883,980 overall admissions in the combined FFS+MA cohort.
The addition of MA data added 2,466,453 eligible admissions to the cohort. The observed (unadjusted) 30-day mortality
rate for the combined FFS+MS cohort was 6.30% (Table G.2). The observed mortality rate was lower among MA
beneficiaries compared to FFS beneficiaries (6.20% versus 6.36%, for a difference of 0.16%). The prevalence of
comorbidities was similar but generally lower among MA beneficiaries as compared to FFS (Table G.3).

Table G.2: Number of Admissions and Observed 30-Day Mortality Rate (MR) in the Study Cohort for the July 1, 2018 —

June 30, 2019 Reporting Period, MA admissions versus FFS Admissions, Overall and by Service Line Division

MA+FFS | MA+FFS | MA(N) MA MR FFS (N) FFSMR | FFSMR-
Service Line Division (N) MR (%) (%) (%) MA MR
(%)

Overall 6,883,980 6.30 | 2,466,453 6.20 | 4,417,527 6.36 0.16
Non-Surgical Cancer 57,072 12.75 21,895 12.53 35,177 12.88 0.35
Non-Surgical Cardiac 767,709 4,98 282,258 4.96 485,451 4,99 0.03
Non-Surgical Gastrointestinal 525,089 4.73 190,290 4.66 334,799 4.77 0.11
Non-Surgical Infectious Disease 890,338 12.49 309,512 12.30 580,826 12.59 0.29
Non-Surgical Neurology 358,029 7.18 132,325 7.11 225,704 7.22 0.11
Non-Surgical Orthopedics 215,310 4.39 70,254 4.54 145,056 4.31 -0.24
Non-Surgical Pulmonary 694,822 8.99 247,402 8.74 447,420 9.13 0.39
Non-Surgical Renal 689,662 8.62 254,671 8.26 434,991 8.84 0.58
Non-Surgical Other 678,809 5.46 251,505 5.16 427,304 5.64 0.48
Surgical General 311,372 4.86 115,007 4.79 196,365 4.91 0.12
Surgical Cancer 131,842 2.22 50,012 2.18 81,830 2.25 0.07
Surgical Cardiothoracic 202,473 5.99 70,671 6.27 131,802 5.84 -0.43
Surgical Neurosurgery 51,512 2.32 17,136 2.67 34,376 2.14 -0.52
Surgical Orthopedic 1,014,784 1.42 345,494 1.45 669,290 1.40 -0.05
Surgical Other 295,157 4.10 108,021 4.10 187,136 4.10 0.00
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Table G.3: Number and Prevalence of Demographic and Risk Adjustment Variables in the Study Cohort for the July 1,
2018 — June 30, 2019 Reporting Period, MA admissions versus FFS Admissions

MA + FFS (n) MA (n) FFS (n)

(Total MA+FFS | (TotalN=| MA | (TotalN= | FFS | %FFS-
Description N=6,883,980) (%) 2,466,453) (%) 4,417,527) (%) % MA
Demographics
Age, mean (SD) 77.14 | 7.68 | 76.93 | 7.47 | 7726 | 7.79| 033
Risk Variables
Other Infectious Diseases (CC 7) 897,685 13.04 297,693 | 12.07 599,992 | 13.58 1.51
Metastatic & Severe Cancers (CC 8,9) 171,518 2.49 58,079 2.35 113,439 2.57 0.21
Protein-Calorie Malnutrition (CC 21) 552,499 8.03 189,519 7.68 362,980 8.22 0.53
Disorders of Fluid/Electrolyte/Acid-Base 2,427,733 3527 | 827,873 | 33.57| 1,599,860 | 36.22 | 2.65
Balance (CC 24)
Disorders of Lipoid Metabolism (CC 25) 3,982,593 57.85 | 1,403,504 | 56.90 | 2,579,089 | 58.38 1.48
Liver Failure (CC 27,30) 97,606 1.42 34,971 1.42 62,635 1.42 0.00
Other Gl Disorders (CC 34,35,37,38) 3,050,363 4431 | 1,031,926 | 41.84 | 2,018,437 | 45.69 3.85
Other Musculoskeletal and Connective
Tissue Disorders (CC 44,45) 2,016,758 29.30 673,084 | 27.29 | 1,343,674 | 30.42 3.13
Z':r_“ztg‘;'og'c or Immunity Disorders (CC 634,754 9.22 | 218254 | 885| 416500 9.43| 0.58
Dementia and Other Nonpsychotic
Organic Brain Syndromes (CC 51 — 53) 1,037,965 15.08 336,069 13.63 701,896 15.89 2.26
Coma/Brain Compression/Anoxic Injury
and Severe Head Injury (CC 80,166) 29,465 0.43 9,784 0.40 19,681 0.45 0.05
Respiratory Failure, Respiratory
Dependence, Shock (CC 82 — 84) 1,237,568 17.98 432,700 17.54 804,868 18.22 0.68
Congestive Heart Failure (CC 85) 2,042,097 29.66 713,845 | 28.94 | 1,328,252 | 30.07 1.13
Hypertension and hypertensive heart 3,499,383 50.83 | 1,208,415 | 48.99 | 2,290,968 | 51.86 |  2.87
disease (CC 94,95)
Pneumonia (CC 114 — 116) 769,813 11.18 263,643 10.69 506,170 11.46 0.77
Dialysis or Severe Chronic Kidney Disease
(CC 134,136,137) 438,767 6.37 148,892 6.04 289,875 6.56 0.53
Acute or Unspecified Renal Failure (CC 1,398,481 2032 | 502,456 | 2037 | 896,025 | 20.28| -0.09
135,140)
Poisonings and Allergic and Inflammatory 534,888 777 | 177,828 | 7.21| 357,060 8.08| 0.87
Reactions (CC 175)
';/;'g)o r Symptoms, Signs, Findings (CC 2,854,563 41.47 | 968,388 | 39.26 | 1,886,175 | 42.70 | 3.44

Model Performance

We compared the HWM model performance for the combined FFS+MA cohort versus FFS-only cohort. The c-statistics
from logistic regression from the combined cohort ranged from 0.75 — 0.89 for each of the fifteen service line divisions
(Table G.4), which were very similar to the FFS-only cohort. Predictive ability was also similar between the FS+MA and

the FFS-only cohorts.
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Table G.4: Predictive Ability and C-Statistics for Admission-Level Models for the Combined FFS+MA Cohort and in the
FFS-Only Cohort by Service Line Division, Reporting Period July 1, 2018 — June 30, 2019

Combined FFS+MA Cohort FFS-Only Cohort

G e BRidan Predictive Ability % Predictive Ability

(lowest decile — c-statistic % (lowest decile — c-statistic

highest decile) highest decile)
Non-Surgical: Cancer 1.51-35.04 0.75 1.56-35.91 0.76
Non-Surgical: Cardiac 0.26 - 24.16 0.84 0.24-24.62 0.85
Non-Surgical: Gastrointestinal 0.28 —20.90 0.82 0.29-20.91 0.82
Non-Surgical: Infectious Disease 0.55-45.19 0.82 0.55-45.60 0.82
Non-Surgical: Neurology 0.97 —27.03 0.76 0.94 - 27.50 0.76
Non-Surgical: Orthopedics 0.34-22.17 0.80 0.37-22.72 0.81
Non-Surgical: Pulmonary 0.31-18.28 0.80 0.35-18.06 0.80
Non-Surgical: Renal 0.39-29.86 0.81 0.39-30.02 0.81
Non-Surgical: Other 0.70 - 32.00 0.79 0.72-32.39 0.79
Surgical: Cancer 0.24-10.51 0.81 0.24-10.61 0.81
Surgical: Cardiothoracic 0.64—30.34 0.83 0.64—29.72 0.83
Surgical: Neurosurgery 0.33-16.70 0.89 0.29 - 15.54 0.89
Surgical: Orthopedics 0.11-9.60 0.89 0.10-9.71 0.90
Surgical: General 0.28-24.30 0.85 0.23-24.42 0.86
Surgical: Other 0.27-21.93 0.86 0.22-22.11 0.87

Measure Reliability

Signal-to-noise reliability (STNR) for the measure score including MA admissions (FFS+MA) and without including MA
admissions (FFS-only) for the fifteen service line divisions is noted in Table G.5. Between hospital variance ranged from
0.066-0.184 across service line divisions for the combined FFS+MA cohort and was similar for the FFS-only cohort, with
the exception of Surgical Neurosurgery and Surgical Cancer. Median STNR, calculated based on between hospital
variance and hospital volume, for the combined FFS+MA cohort was higher than for the FFS-only cohort among each of
the service line divisions, with the exception of Non-Surgical Cancer, Surgical Cancer and Surgical Neurosurgery. Test-
retest reliability for the overall cohort was higher in the combined FFS+MA cohort (0.736) compared to the FFS-only
cohort (0.620), for hospitals with at least 25 admissions.
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Table G.5: Signal-to-Noise Reliability (STNR) and Between Hospital Variance for Hospitals in the Combined FFS+MA
Cohort and in the FFS-only Cohort in the July 1, 2018 — June 30, 2019 Reporting Period (for Hospitals with 25 or more

Admissions)
Combined FFS+MA Cohort FFS-only Cohort

Service Line Between 5% Between

Division N1* Median | 25% Q1 | 75% Q3 | Hospital [ N2* Median al 75% Q3 | Hospital
Variance Variance

Non-Surgical: 702 0.637 |0.559 |0.727 |0.139 360 0.637 0581 |0.721 |0.152

Cancer

E;Jrr(‘j'isa‘érg'ca': 2,800 |0.843 |0668 |0912 |0.091 2,515 | 0.767 0.594 |0.858 | 0.080

Non-Surgical: 2,859 | 0776 |0.606 |0.861 |0083 |2545 |0668 |0510 |0.778 |0.070

Gastrointestinal

Non-Surgical: 3,417 |0873 0722 |0930 |0122 |3189 |o0806 |0651 |0.88 |0.106

Infectious Disease

Non-Surgical: 3,048 |0.814 | 0654 |0.894 |0.089 2,754 | 0.734 0.567 |0.831 |0.078

Neurology

Non-Surgical: 2,966 | 0.815 | 0644 | 0899 |0.097 2,635 | 0.763 0.601 | 0.859 | 0.097

Orthopedics

Non-Surgical: 1,986 |0.690 |0574 |0.796 |O0.101 1,628 | 0.670 0.564 |0.770 | 0.115

Pulmonary

Non-Surgical: Renal | 2,249 | 0.759 | 0.622 |0.849 | 0.090 1,948 | 0.715 0.598 | 0.810 | 0.101

Non-Surgical: Other | 3,686 | 0.843 | 0.705 |0.915 | 0.136 3,417 | 0.749 0.609 | 0.851 | 0.109

Surgical: Cancer 1213 |0.756 | 0661 |0.856 |O0.164 859 0.781 0.702 | 0.857 |0.222

Surgical: 1,082 |083 |0717 |0904 |0.130 949 0.794 0.674 | 0875 |0.136

Cardiothoracic

Surgical: 635 0716 | 0649 |0.805 |0.184 415 0.790 0.735 | 0.847 |0.294

Neurosurgery

Surgical: 2,971 | 0856 |0.703 |0924 |0.088 2,753 | 0.793 0.627 | 0.886 | 0.082

Orthopedics

Surgical: Other 2,025 |0.669 |0514 |0.787 |0.066 1,674 | 0.617 0490 | 0.737 | 0.069

Surgical: General | 2,320 | 0.757 |0.630 |0.848 |0.108 1,944 | 0.697 0.582 | 0.802 | 0.109

*N1: Number of hospitals with at least 25 FFS+MA admissions; N2: number of hospitals with at least 25 FFS admissions.

Risk-Standardized Mortality Rates

Tables G.6 and G.7 present distribution of hospital volume, SMR, and RSMR for all hospitals (Table G.6) and for hospitals
with 25 or more eligible admissions within each service line division, the cutoff used for public reporting of the HWM

measure (Table G.7). For each service line division, and for the combined HWM cohort, numbers of hospitals and

admissions were higher in the combined FFS+MA data compared to the FFS-only data. With the addition of MA data, 84
additional hospitals were included in the measure (including all hospitals). In hospitals with 25 or more admissions, the

addition of MA data resulted in 62 additional hospitals. The mean of the RSMRs was similar for the FFS+MA cohort

(6.35%) compared to the FFS-only cohort (6.39%), for hospitals with 25 or more admissions. Across service line divisions,
for hospitals with 25 or more admissions, RSMRs were also generally similar (Table G.7).
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Table G.6: Hospital Volume, Standardized Mortality Ratio (SMR), and Risk-Standardized Mortality Rate (RSMR) for Combined FFS+MA Cohort and for FFS-

Only Cohort in the July 1, 2018 — June 30, 2019 Reporting Period, Overall and by Service Line Division, for all hospitals

Service Line Combined FFS+MA Cohort FFS-Only Cohort
. Value o S
Division Numb.er of Mean Std Dev | 25% Q1 | Median 75% Numb.er of Mean Std Dev 25% Median 75% Q3
hospitals Q3 hospitals Ql
Hospital Volume 4,743 1451 1977 136 592 2118 4,659 948 1284 113 398 1334
Total* SMR 4,743 1.01 0.10 0.95 1.00 1.06 4,659 1.0 0.08 0.96 1.00 1.05
RSMR 4,743 6.35% 0.01 6.00% | 6.31% | 6.68% 4,659 6.39% 000 | 6.13% | 6.38% 6.67%
. Hospital Volume 3,190 18 31 2 8 22 2,982 12 22 2 5 14
N°"c::c'§'r°a" SMR 3,190 1.01 0.12 0.95 0.99 1.08 2,982 1.01 0.11 0.95 0.99 1.07
RSMR 3,190 12.82% 001 | 12.11% | 12.63% | 13.71% | 2,982 12.94% 001 | 12.23% | 12.74% | 13.78%
_ Hospital Volume 4,416 174 244 12 61 263 4336 112 157 10 40 164
N°2:’r‘;§'cca" SMR 4,416 1.01 0.14 0.94 1.00 1.07 4336 1.01 0.11 0.95 1.00 1.06
RSMR 4,416 5.03% 0.01 4.70% | 4.96% | 5.35% 4336 5.02% 001 | 476% | 4.97% 5.30%
_ Hospital Volume 4,458 118 152 13 55 177 4,380 76 98 10 36 111
G'::tr:osl:zlsilar:al SMR 4,458 1.01 0.12 0.95 1.00 1.06 4,380 1.00 0.09 0.96 1.00 1.05
RSMR 4,458 4.77% 0.01 451% | 4.71% | 5.02% 4,380 4.79% 0.00 | 4.60% | 4.75% 4.99%
Non-Surgical: Hospital Volume 4,535 196 240 25 102 295 4,491 129 156 21 67 189
Infectious SMR 4535 1.02 0.19 0.91 1.00 1.11 4,491 1.01 0.15 0.93 1.00 1.09
Disease RSMR 4,535 12.72% 0.02 | 11.37% | 12.44% | 13.82% | 4,491 12.75% 0.02 | 11.66% | 12.54% | 13.77%
_ Hospital Volume 4,483 154 196 15 74 232 4,406 99 124 12 47 145
N;:fr‘:li';:" SMR 4,483 1.01 0.15 0.93 1.00 1.09 4,406 1.01 0.12 0.94 1.00 1.07
RSMR 4,483 8.72% 0.01 8.05% | 8.60% | 9.36% 4,406 8.91% 0.01 835% | 8.82% 9.45%
. Hospital Volume 4,598 148 216 13 55 214 4,522 94 133 11 36 134
'\é°r:hi:r§;fi SMR 4,598 1.01 0.14 0.94 1.00 1.08 4522 1.01 0.12 0.95 1.00 1.07
RSMR 4,598 5.52% 0.01 514% | 5.44% | 5.89% 4522 5.68% 0.01 535% | 5.61% 6.02%
. Hospital Volume 4,356 49 71 6 19 66 4,244 34 48 5 15 45
N;’:I'r‘:’]‘:fa'cr:" SMR 4356 1.00 0.10 0.96 0.99 1.05 4,244 1.00 0.10 0.96 0.99 1.05
RSMR 4,356 4.41% 0.00 420% | 4.35% | 4.61% 4,244 4.33% 000 | 412% | 4.27% 4.51%
Sureical Hospital Volume 4,163 86 120 7 33 123 4,077 55 76 6 22 78
N°"F'{e‘:]ragl'°a : SMR 4,163 1.01 0.12 0.95 0.99 1.07 4,077 1.01 0.11 0.95 0.99 1.07
RSMR 4163 7.23% 0.01 6.80% | 7.14% | 7.64% 4,077 7.26% 0.01 6.85% | 7.17% 7.69%
Hospital Volume 4,544 153 171 33 89 226 4,476 100 109 26 60 140
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Combined FFS+MA Cohort

FFS-Only Cohort

Service Line Value Number of 75% Number of 25%
Division Umoer o Mean Std Dev | 25% Q1 | Median ? Umoer o Mean Std Dev ? Median 75% Q3
hospitals Q3 hospitals Ql
Non-Surgical: SMR 4,544 1.02 0.23 0.89 0.99 1.12 4,476 1.01 0.16 0.91 1.00 1.10
Other RSMR 4,544 9.20% 0.02 797% | 8.93% | 10.09% | 4,476 9.26% 0.01 835% | 9.08% 10.06%
Hospital Volume 3,110 42 74 4 15 47 2,974 28 51 3 9 30
Surgical: Cancer SMR 3,110 1.01 0.12 0.96 0.99 1.04 2,974 1.01 0.14 0.96 0.99 1.02
RSMR 3,110 2.23% 0.00 2.12% | 2.20% | 2.30% 2,974 2.28% 0.00 215% | 2.22% 2.29%
. Hospital Volume 2,350 86 143 4 17 118 2,220 59 101 3 13 79
Surgical: SMR 2,350 1.01 0.14 0.95 1.00 | 1.07 2,220 1.01 0.13 0.95 1.00 1.06
Cardiothoracic
RSMR 2,350 6.02% 0.01 567% | 5.96% | 6.42% 2,220 5.87% 0.01 554% | 5.81% 6.20%
. Hospital Volume 1,958 26 39 4 13 32 1,856 19 30 3 9 22
Surgical: SMR 1,958 1.00 0.10 0.96 0.99 1.00 1,856 1.01 0.13 0.95 0.99 1.00
Neurosurgery
RSMR 1,958 2.33% 0.00 2.23% | 2.30% | 2.32% 1,856 2.16% 0.00 204% | 2.12% 2.14%
_ Hospital Volume 3,566 285 359 45 156 391 3,509 191 254 30 100 262
Surgical: SMR 3,566 1.01 0.13 0.95 1.00 1.07 3,509 1.01 0.10 0.96 0.99 1.05
Orthopedics
RSMR 3,566 1.44% 0.00 1.34% | 1.41% | 1.52% 3,509 1.42% 0.00 134% | 1.40% 1.48%
Hospital Volume 3,533 84 114 7 36 117 3,424 55 75 6 23 76
Surgical: Other SMR 3,533 1.00 0.08 0.97 1.00 1.03 3,424 1.00 0.07 0.97 1.00 1.03
RSMR 3,533 4.11% 0.00 3.97% | 4.09% | 4.24% 3,424 4.11% 0.00 3.99% | 4.09% 4.21%
Sureical Hospital Volume 3,651 85 105 12 48 123 3,574 55 68 9 29 76
G”;:::rzl' SMR 3,651 1.01 0.13 0.94 0.99 1.06 3,574 1.01 0.11 0.95 0.99 1.05
RSMR 3,651 4.90% 0.01 458% | 4.83% | 5.15% 3,574 4.94% 0.01 467% | 4.87% 5.17%

*Total includes all service line divisions
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Table G.7: Hospital Volume, Standardized Mortality Ratio (SMR), and Risk-Standardized Mortality Rate (RSMR) for Combined FFS+MA Cohort and for FFS-

Only Cohort in the July 1, 2018 — June 30, 2019 Reporting Period, Overall and by Service Line Division, for hospitals with 25 or more admissions in the
corresponding service line division

Service Line

Combined FFS+MA Cohort

FFS-Only Cohort

Division Value Numb.er of Mean Std Dev | 25% Q1 | Median 5% Numb.er of Mean Std Dev 25% Median 75% Q3
hospitals Q3 hospitals Ql
Hospital Volume 4,475 1538 2003 178 699 | 2241 4,413 1000 1300 142 454 1415
Total* SMR 4,475 1.01 0.11 0.95 100 | 1.06 4,413 1.00 0.08 0.96 1.00 1.05
RSMR 4,475 6.35% 0.01 597% | 6.32% | 6.71% 4,413 6.39% 001 | 6.10% | 6.38% 6.68%
Hospital Volume 702 55 48 30 42 63 360 51 44 30 38 56
Non-Surgical:
e SMR 702 0.96 0.17 0.85 096 | 1.07 360 0.94 0.16 0.82 0.93 1.04
RSMR 702 12.23% 002 | 10.78% | 12.20% | 13.62% 360 12.09% 002 | 1053% | 11.96% | 13.38%
_ Hospital Volume 2,800 269 263 73 194 | 3735 2,515 186 171 60 135 249
N°2:‘r‘;§'cca': SMR 2,800 1.00 0.16 0.89 099 | 1.09 2,515 1.00 0.13 0.91 0.99 1.07
RSMR 2,800 4.98% 0.01 4.46% | 4.93% | 5.42% 2,515 4.97% 001 | 454% | 4.94% 5.34%
_ Hospital Volume 2,859 178 160 61 137 245 2,545 125 104 49 95 165
G'::t':of‘:trg'silar:al SMR 2,859 1.00 0.14 0.92 0.99 1.08 2,545 1.00 0.11 0.93 0.99 1.06
RSMR 2,859 4.75% 0.01 433% | 4.69% | 5.11% 2,545 4.77% 001 | 4.44% | 4.74% 5.08%
Non-Surgical: Hospital Volume 3,417 257 248 70 186 361 3,189 177 162 58 129 240
Infectious SMR 3,417 1.01 0.21 0.88 099 | 112 3,189 1.01 0.17 0.89 0.99 111
Disease RSMR 3,417 12.68% 003 | 11.00% | 12.40% | 14.02% | 3,189 12.69% 002 | 11.22% | 12.49% | 14.01%
_ Hospital Volume 3,048 222 206 70 162 313 2,754 152 130 55 116 206
N;:fr‘:li';:': SMR 3,048 1.00 0.17 0.90 0.99 1.10 2,754 1.00 0.14 0.90 0.99 1.09
RSMR 3,048 8.66% 0.02 7.72% | 8.53% | 9.49% 2,754 8.83% 001 | 7.99% | 8.76% 9.61%
. Hospital Volume 2,966 223 237 61 149 301 2,635 155 147 51 109 207
'\é°r;'i:'§£: SMR 2,966 1.01 0.17 0.90 100 | 1.10 2,635 1.00 0.15 0.91 0.99 1.09
RSMR 2,966 5.50% 0.01 492% | 5.45% | 6.01% 2,635 5.65% 001 | 511% | 5.59% 6.14%
Hospital Volume 1,986 98 81 44 73 127 1,628 76 57 37 58 95.5
Non-Surgical:
Pulmonary SMR 1,986 1.00 0.14 0.91 098 | 1.08 1,628 1.00 0.14 0.90 0.98 1.08
RSMR 1,986 4.39% 0.01 3.99% | 4.32% | 4.72% 1,628 4.31% 001 | 3.88% | 4.23% 4.65%
Hospital Volume 2,249 152 130 60 115 205 1,948 107 83 48.5 82 139
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Combined FFS+MA Cohort

FFS-Only Cohort

Ser\‘lit:e‘ Line Value Number of 75% Number of 25%
Division . Mean Std Dev | 25% Q1 | Median . Mean Std Dev Median 75% Q3
hospitals Q3 hospitals Ql
Non-Surgical: SMR 2,249 1.00 0.15 0.90 098 | 1.08 1,948 0.99 0.14 0.89 0.97 1.08
Renal RSMR 2,249 7.14% 0.01 6.43% | 7.02% | 7.77% 1,948 7.15% 001 | 6.44% | 7.02% 7.78%
. Hospital Volume 3,686 186 174 58 131 260 3,417 127 112 47 90 172
N°"c')i::fr'°a': SMR 3,686 1.02 0.24 0.86 098 | 113 3,417 1.01 0.18 0.88 0.99 111
RSMR 3,686 9.16% 0.02 7.77% | 8.85% | 10.17% | 3,417 9.21% 002 | 808% | 9.04% | 10.13%
Hospital Volume 1,213 97 96 39 62 119 859 78 74 35 53 89
Surgical: Cancer SMR 1,213 1.00 0.17 0.89 098 | 1.09 859 1.02 0.20 0.87 0.98 112
RSMR 1,213 2.23% 0.00 1.98% | 2.17% | 2.43% 859 2.28% 000 | 196% | 2.20% 2.52%
. Hospital Volume 1,082 180 167 64 129 238 949 131 121 50 93 170
Ca;‘;;f:j:;cic SMR 1,082 0.99 0.18 0.87 098 | 1.10 949 0.99 0.18 0.87 0.97 1.10
RSMR 1,082 5.94% 0.01 5.22% | 5.88% | 6.57% 949 5.79% 001 | 5.08% | 5.69% 6.39%
. Hospital Volume 635 64 51 33 45 74 415 56 45 31 42 62
Nei‘:ggs':fg';w SMR 635 1.00 0.14 0.91 0.97 1.09 415 1.00 0.20 0.87 0.95 1.10
RSMR 635 2.33% 0.00 211% | 2.25% | 2.52% 415 2.15% 000 | 1.87% | 2.03% 2.36%
. Hospital Volume 2,971 340 370 88 221 455 2,753 24 266 67 153 311
oft:f;?c:i:cs SMR 2,971 1.01 0.14 0.93 0.99 1.08 2,753 1.01 0.11 0.94 0.99 1.06
RSMR 2,971 1.44% 0.00 133% | 1.41% | 1.54% 2,753 1.42% 000 | 132% | 1.39% 1.50%
Hospital Volume 2,025 140 124 53 101 185 1,674 103 83 46 77 134
Surgical: Other SMR 2,025 1.00 0.10 0.94 099 | 1.06 1,674 1.00 0.09 0.94 1.00 1.06
RSMR 2,025 4.12% 0.00 3.86% | 4.07% | 4.34% 1,674 4.11% 000 | 3.87% | 4.08% 4.33%
. Hospital Volume 2,320 129 109 52 95 171 1,944 93 73 42 70 122
Z”;f::raa'; SMR 2,320 1.01 0.16 0.91 098 | 1.09 1,944 1.01 0.14 0.91 0.99 1.09
RSMR 2,320 4.91% 0.01 441% | 4.79% | 5.31% 1,944 4.94% 001 | 447% | 4.85% 5.33%

* Total includes all service line divisions
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Change in Hospital Performance

Table G.8 shows the quintile shifts in RSMR across hospitals in the combined FFS+MA cohort as compared to the
FFS-only cohort in hospitals with at least 25 FFS admissions. Across quintile percentage of MA patients,
correlations between quintiles ranged from 0.83 — 0.98. Across quintile hospital volumes, correlations between
quintiles ranged from 0.86 — 0.95. Overall, 70% of hospitals remained in the same RSMR quintile and 98%
remained within one quintile. The correlation between hospital RSMRs was 0.90. As hospitals’ percent of MA
admissions increased, fewer hospitals remained within the same performance quintile (83.56% among hospitals
in the lowest quintile of percent of MA admissions; 57.14% of hospitals in the highest quintile of percent of MA
admissions). As hospital volume increased, trends in RSMR shifts were not as marked (74.91% of hospitals in
lowest volume quintile remained in same RSMR performance quintile; 70.10% of hospitals in highest volume
quintile). We found a weak but statistically significant correlation between change of RSMR and proportion of
MA admissions (0.123, p<0.01), and also a weak by statistically significant correlation between change of RSMR
and hospital volume (0.134, p<0.01).

Table G.8: Shifts in RSMR quintiles comparing FFS-only cohort to the combined FFS+MA cohort, by
quintiles of hospitals’ percent of MA admissions and total (MA and FFS) admission volume for
hospitals with 25 or more FFS admissions (N = 4,413)

Description Same quintile +1 quintile Correlation

Overall 70.13% 98.01% 0.90
By Percent of MA admissions

Q1:0.00% —12.61% 83.56% 99.66% 0.98
Q2:12.61% — 23.08% 75.17% 99.32% 0.97
Q3:23.13% —32.04% 70.23% 98.98% 0.96
Q4:32.05% — 42.94% 64.55% 97.96% 0.94
Q5:42.95% — 95.79% 57.14% 94.10% 0.83
By MA+FFS Admission Volume

Q1: 25 - 141 admissions 74.91% 99.21% 0.94
Q2: 142 — 418 admissions 71.95% 98.64% 0.95
Q3:419-1,212 admissions 66.70% 98.07% 0.86
Q4: 1,213 - 2,735 admissions 67.01% 96.71% 0.86
Q5: 2,736 — 25,046 admissions 70.10% 97.40% 0.93

Summary: Integrating MA Data into the HWM Measure

Using data from July 1, 2018 — June 30, 2019, we calculated results from the MA claims to compare to the FFS-
only results. The inclusion of MA admissions added 84 hospitals and 2,466,453 admissions to the HWM measure
cohort during the data period tested. When considering only hospitals with 25 or more eligible admissions, the
cutoff used for public reporting of the HWM measure, the inclusion of MA data resulted in 62 additional
hospitals in the measure. The observed (unadjusted) mortality rate was lower among MA admissions compared
to FFS admissions (6.20 versus 6.36%). Additionally, the prevalence of comorbidities was similar but generally
lower among MA beneficiaries as compared to FFS. The mean of hospital risk-standardized mortality rates was
very similar for the combined FFS+MA cohort compared to the FFS-only cohort (6.35 versus 6.39% for hospitals
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with 25 or more admissions). Test-retest reliability for the combined FFS+MA cohort was higher than for the
FFS-only cohort (0.736 versus 0.620) for hospitals with 25 or more admissions. After the addition of MA
admissions to the FFS-only HWM cohort and among hospitals with 25 or more FFS admissions, 70% of hospitals
remained in the same risk-standardized mortality rate (RSMR) quintile and almost 98% remained within one
quintile. The correlation between hospital RSMRs was 0.90.

The addition of MA admissions into the CMS HWM measure improved reliability, improved the precision of
measure scores, and led to more hospitals and beneficiaries included in the measure. Most hospitals remained
in their same performance quintile after the addition of MA admissions, with the greatest shifts seen in hospitals
with a high percentage of MA admissions. The inclusion of MA beneficiaries into the claims-based HWM
measure addresses stakeholder concerns about differences in quality for MA and FFS beneficiaries by ensuring
hospital outcomes are measured across all Medicare beneficiaries.
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