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Hospital-Wide 30-Day, All-Cause, Unplanned Readmission Rate (HWR) for the Merit-Based
Incentive Payment System (MIPS) Eligible Clinician Groups

Project
Cost and Efficiency
Endorsement Status
Endorsed with Conditions

E&M Committee Rationale/Justification

When the measure returns for maintenance, the committee would like to see:

e Explore systemic differences in ED admission/readmission rates and the potential impact on
the clinician-group’s ability to improve
Is Under Review
No
Next Maintenance Cycle
Spring 2029
Previous Endorsement Cycle
Spring 2024
Steward
Centers for Medicare & Medicaid Services
1.0 New or Maintenance
Maintenance
1.3 Electronic Clinical Quality Measure (eCQM)
No

1.6 Measure Description

The 30-day Hospital-Wide, All-Cause Unplanned Readmission (HWR) Rate for the Merit-based
Incentive Payment System (MIPS) Groups measure is a risk-standardized readmission rate for
beneficiaries age 65 or older who were hospitalized and experienced an unplanned readmission
for any cause to a short-stay acute-care hospital within 30 days of discharge. The measure
attributes readmissions to up to three MIPS participating clinician groups, as identified by their
Medicare Taxpayer Identification Number (TIN), and assesses each group’s readmission rate. The
measure reports a single summary risk-adjusted readmission rate (RARR) derived from the
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volume-weighted results of 5 different models, one for each of the following specialty cohorts
based on groups of discharge condition categories or procedure categories: surgery/gynecology;
general medicine; cardiorespiratory; cardiovascular; and neurology, each of which will be
described in greater detail below. This re-specified clinician group measure replaced the All-Cause
Readmission (ACR) measure previously used in the Quality Payment Program (QPP).

1.7 Composite Measure

No

1.7 Measure Type

Outcome
1.8 Level of Analysis

Clinician: Group/Practice
1.9 Care Setting

Ambulatory Care: Clinician Office, Clinician Office/Clinic, Hospital: Inpatient

1.10 Measure Rationale

The Hospital-Wide 30-Day, All-Cause, Unplanned Readmission Rate for the Merit-Based Incentive
Payment System (MIPS) Eligible Clinician Group (MIPS HWR) measure addresses unplanned
readmissions at the clinician group level for Medicare Fee-For-Service (FFS) beneficiaries aged 65
or older. The measure is risk adjusted and based on administrative claims. This measure is a re-
specified version of the hospital-level measure, Hospital-Wide All-Cause, Unplanned Readmission
(consensus-based entity [CBE] #1789) and related to the Hybrid Hospital-Wide All-Cause,
Unplanned Readmission measure (CBE #2879e) that is under review in this same endorsement
cycle (Spring 2024). The MIPS HWR measure has the same cohort, outcome, and claims-based
risk variables as CBE #2879e and promotes a systems-level approach by clinicians and a focus on
high-risk conditions, such as chronic obstructive pulmonary disease (COPD) and heart failure.

Hospital readmission, for any reason, is disruptive to patients and caregivers, costly to the
healthcare system, and puts patients at additional risk of hospital-acquired infections and
complications. In 2018, there were 3.8 million readmissions with an average cost of $15,200, or a
total projected cost of about $58 billion (Weiss & Jiang, 2021). Readmissions are also a major
source of patient and family stress and may contribute substantially to loss of functional ability,
particularly in older patients.

Some readmissions are unavoidable, but others may result from poor quality of care, inadequate
coordination of care, or lack of effective discharge planning and transitional care. Interventions
aimed at improving care at discharge, including improving communication, medication
reconciliation, and ensuring timely follow up following discharge, have been shown to be effective
at reducing readmission rates (Becker et al., 2021; Morkisch et al., 2020; Kripalani et al.,
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2014; De Oliveira et al., 2021; Anderson et al., 2022). (Please see section 6.2 for a discussion of
interventions to reduce readmissions.)

There has been a nation-wide focus on reducing post-discharge readmissions for many years, and
while progress has been made, the overall national readmission rate remains high, with a 30-day
readmission ranging from 11 percent of admission for surgery/gynecology, to 17 percent for
cardiovascular admissions (based on CMS data in FFS patients between July 1, 2022-June 30,
2023). Furthermore, readmission rates vary widely across institutions and clinician groups (risk-
standardized 30-day readmission rates for more than 97,000 clinician groups ranged from about 9
percent to 27 percent with recent data). Both the high baseline rate and the variability across
institutions speak to the need for a quality measure to prompt more concerted and widespread
action.

The Centers for Medicare & Medicaid Services (CMS) is applying this measure to MIPS and
continuing to attribute outcomes to clinician groups, because reducing avoidable readmissions is a
key component in the effort to promote more efficient, high-quality care. Physician groups have
the capability to influence unplanned readmission outcomes through interventions such as
appropriate medication reconciliation at discharge, reduction of infection risk, and ensuring
proper outpatient follow-up. Current performance on this measure indicates a substantial need to
reduce the expected rate and reduce variation across eligible physician groups. As an
administrative claims measure, there is no separate reporting burden.
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1.11 Measure Webpage
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1.13 Data Dictionary

Not attached. I attest that all information will be provided where codes and/or value sets are
needed (1.14a - 1.15¢).

1.13a Attach Data Dictionary

MIPS PY2024 Hospital Wide Readmission CodeTables 12072023.xlsx
1.14 Numerator

The outcome for this measure is any unplanned readmission to a non-federal, short-stay, acute-
care or critical access hospital within 30 days of discharge from an eligible index admission.
Planned readmissions are not counted in the outcome. In the case of multiple readmissions during
the 30-day period, only one of the readmissions is counted for the outcome. If a patient is
readmitted to the same hospital on the same calendar day of discharge for the same condition as
the index admission, the measure considers the patient to have had one single continuous
admission (that is, one index admission). However, if the condition is different from the index
admission, this is considered a readmission in the measure. The measure attributes the outcome
(readmission) to up to three clinician groups to account for the reality that multiple healthcare
roles can influence readmissions. The following three types of clinician groups are included in the
multiple attribution approach: Discharge Clinician Group, Primary Inpatient Care Provider Group,
and Outpatient Primary Care Physician Group.

1.14a Numerator Details

The outcome for the MIPS HWR measure is an unplanned readmission to a non-federal, short-stay,
acute-care or critical access hospital within 30 days of discharge from an index admission.
Readmissions during the 30-day period that are considered planned or follow a planned
readmission are not counted in the outcome. In the case of multiple readmissions during the 30-
day period, only one of the readmissions is counted for the outcome. If a patient is readmitted to
the same hospital on the same calendar day of discharge for the same condition as the index
admission, the measure considers the patient to have had one single continuous admission (that
is, one index admission). However, if the condition is different from the index admission, this is
considered a readmission in the measure.


https://doi.org/10.1186/s12877-020-01747-w
https://www.hcup-us.ahrq.gov/reports/statbriefs/sb278-Conditions-Frequent-Readmissions-By-Payer-2018.pdf
https://qpp-cm-prod-content.s3.amazonaws.com/uploads/2633/MIPS_Hospital-Wide%20Readmission_2024_MIF.zip
https://p4qm.org/sites/default/files/2024-04/MIPS_PY2024_Hospital_Wide_Readmission_CodeTables_12072023.xlsx
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Numerator Time Window: The outcome is defined as an unplanned readmission within 30 days
of discharge from an index admission.

Planned Readmission Algorithm

The Planned Readmission Algorithm is a set of criteria for classifying readmissions as planned
among the general Medicare population using Medicare administrative claims data. The algorithm
identifies admissions that are typically planned and may occur within 30 days of discharge from
the hospital.

The Planned Readmission Algorithm has three fundamental principles:

1. A few specific, limited types of care are always considered planned (obstetric delivery,
transplant surgery, maintenance chemotherapy/immunotherapy, rehabilitation).

2. A non-acute readmission for a procedure that is typically scheduled in advance is considered
planned.

3. Admissions for acute illness or for complications of care is never considered planned.

The algorithm was developed in 2011 as part of the Hospital-Wide Readmission measure. In 2013,
CMS applied the algorithm to its other readmission measures.

The Planned Readmission Algorithm and associated code tables can be found in the attached data
dictionary.

Attribution of the Outcome

There are three eligible clinician groups for attribution: (1) the Primary Inpatient Care Provider,
(2) the Discharge Clinician, and (3) the Outpatient Primary Care Physician.

1. Primary Inpatient Care Provider: All patient-facing claims for the patient filed during the
stay are identified and totaled by clinicians identified on each claim; the admission is
attributed to the clinician with the greatest charges billed. The cost of charges billed (as
opposed to number of charges) better reflects the appropriate clinician, especially for the
surgical specialty cohort. The identified primary inpatient care provider may also be the
discharge clinician.
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2. Discharge Clinician: Identified by Current Procedural Terminology (CPT®) code 99238 or
99239 within the last three days of admission OR CPTs 99231, 99232, 99233 bhilled on the
last day of admission. If none of these codes are found, a Discharge Clinician is not
assigned.

3. Outpatient Primary Care Physician: The clinician who provides the greatest number of
claims for primary care services during the 12 months prior to the hospital admission date.

Eligible clinician groups are defined by grouping eligible clinicians who use the same Taxpayer
Identification Number (TIN). Index admissions are attributed to a clinician group by each of these
rules. Though an admission may be attributed to three distinct eligible clinician groups, it will
often be the case that two or even all three of the above listed roles for a given patient are filled
by clinicians assigned to the same clinician group. In the case of multiple assignments of an
admission to the same eligible clinician group, each admission is included only once when
measuring the eligible clinician group. Importantly, this implies that while there are three
different rules for attribution, these are not distinguished when measuring clinician group
performance. While a clinician group can have admissions attributed to them in multiple
capacities - for instance, a clinician from the same group may be both a Discharge Clinician for
some patients and a Primary Inpatient Care Provider for others - all attributed admissions are
used to construct a single score for that eligible clinician group.

1.15 Denominator

Eligible index admissions include acute care hospitalizations for Medicare Fee-for-Service (FFS)
beneficiaries age 65 or older at non-federal, short-stay, acute-care, or critical access hospitals that
were discharged during the performance period. Beneficiaries must have been enrolled in
Medicare FFS Part A for the 12 months prior to the date of admission and 30 days after discharge,
discharged alive, and not transferred to another acute care facility. Admissions for all principal
diagnoses are included unless identified as having a reason for exclusion. A hospitalization that
counts as a readmission for a prior stay may also count as a new index admission if it meets the
criteria for an index admission.

1.15a Denominator Details

A list of inclusion criteria is shown below. Eligible index admissions include acute care
hospitalizations for Medicare FFS beneficiaries aged 65 or older at non-federal, short-stay, acute-
care or critical access hospitals that were discharged during the performance period.
Beneficiaries must have been enrolled in Medicare FFS Part A for the 12 months prior to the date
of admission and 30 days after discharge, discharged alive, and not transferred to another acute
care facility. Admissions for all principal diagnoses are included unless identified as having a
reason for exclusion. A hospitalization that counts as a readmission for a prior stay also may count
as a new index admission if it meets the criteria for an index admission.

Index admissions are assigned to one of five specialty cohorts—surgery/gynecology, medicine,
cardiorespiratory, cardiovascular, and neurology—based on diagnoses and procedure codes on the
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claim mapped to Agency for Healthcare Research and Quality (AHRQ) Clinical Classifications
Software (CCS). CCS categories that define each cohort are shown in the attached data
dictionary.

Inclusion criteria:
Admissions are eligible for inclusion in the measure if the:

1. Patient is 65 or older
Rationale: Younger Medicare patients represent a distinct population with dissimilar
characteristics and outcomes.

2. Patient survives index admission
Rationale: Patients who die during the initial admission cannot be readmitted.

3. Patient is not transferred to another hospital
Rationale: In an episode of care in which the patient is transferred between hospitals,
responsibility for the readmission is assigned to the final discharging hospital. Therefore,
intermediate admissions within a single episode of care are not eligible for inclusion.

4. Patient is continuously enrolled in FFS Medicare Part A or B for the 12 months prior to the
index admission.
Rationale: This is necessary to ensure complete data for risk adjustment and attribution.

1.15b Denominator Exclusions

From the cohort we exclude admissions for patients who were:

Discharged against medical advice.

Hospitalized in a prospective payment system (PPS)-exempt cancer hospital.

Hospitalized primarily for medical treatment of cancer.

Hospitalized primarily for a psychiatric disease.

Hospitalized for “rehabilitation care or fitting of prostheses and adjustment devices” (CCS

254).

Not able to be attributed to a clinician group.

. Not continuously enrolled in Medicare FFS Part A or B for at least 30 days following
discharge from the index admission.

8. With a principal or a secondary diagnosis code of COVID-19 coded as present on admission

on the index admission claim.

G W=

N o

1.15¢c Denominator Exclusions Details

From the cohort, we exclude admissions for which:

1. Patients were discharged against medical advice
Rationale: Clinicians have limited opportunity to implement high quality care.
2. Admissions for patients is to a PPS-exempt cancer hospital
Rationale: These hospitals care for a unique population of patients that cannot reasonably
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be compared to the patients admitted to other hospitals.

3. Admissions are primarily for medical treatment of cancer
Rationale: These admissions have a very different mortality and readmission profile
compared to the rest of the Medicare population (higher rates of planned readmissions and
higher rates of competing mortality), and outcomes for these admissions do not correlate
well with outcomes for other admissions. Patients with cancer who are admitted for other
diagnoses or for surgical treatment of their cancer remain in the measure.

4. Admissions are primarily for psychiatric disease
Rationale: Patients admitted principally for psychiatric treatment are typically cared for in
separate psychiatric centers which are not comparable to acute care hospitals. See data
dictionary for excluded CCSs.

5. Admissions are for “rehabilitation care; fitting of prostheses and adjustment devices” (CCS
254)
Rationale: These admissions are not typically admitted to an acute care hospital for acute
care.

6. Patients cannot be attributed to a clinician group
Rationale: Only patients assigned to eligible clinician groups should be included in the
measure.

7. Admissions are without 30 days of Post-Discharge Enrollment
Rationale: The 30-day readmission outcome cannot be assessed in patients who do not
maintain enrollment for at least 30 days following discharge.

8. There is a principal or a secondary diagnosis code of COVID-19 coded as present on
admission on the index admission claim
Rationale: COVID-19 patients are removed from the acute myocardial infarction (AMI)
cohort in response to the COVID-19 Public Health Emergency and to align with other CMS
measures.

Note that a readmission within 30 days will also be eligible as an index admission if it meets all
other eligibility criteria. This allows the MIPS HWR measure to capture repeated admissions for
the same patient, whether with the same clinician(s) or not. Since there are few patients with
multiple admissions in the same year and in the same specialty cohort, we chose to treat multiple
admissions as statistically independent.

1.16 Type of Score
Rate/proportion

1.17 Measure Score Interpretation
Better performance = Lower score

1.18 Calculation of Measure Score

Index admissions are identified as described above in the denominator section.
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Specialty Cohorts

The MIPS HWR measure uses an algorithm identical to that of the hospital level measure (CBE
#1789) to group index admissions into subgroups for risk adjustment. The measure aggregates
the ICD-10 principal diagnosis and all procedure codes of the index admission into clinically
coherent groups of conditions and procedures (condition categories or procedure categories)
using the AHRQ CCS. There are more than 200 mutually exclusive AHRQ condition categories,
most of which are single, homogenous diseases such as pneumonia or AMI. Some are aggregates
of conditions, such as “other bacterial infections.” There are also more than 200 mutually
exclusive procedure categories. Using these AHRQ CCS procedure and condition categories, the
measure assigns each index hospitalization to one of five mutually exclusive specialty cohorts:
surgery/gynecology, cardiorespiratory, cardiovascular, neurology, and medicine. The rationale
behind this organization is that conditions typically cared for by the same team of clinicians are
expected to experience similar added (or reduced) levels of readmission risk.

Step 1. The measure first assigns admissions with qualifying AHRQ procedure categories to the
Surgery/Gynecology Cohort. This cohort includes admissions likely cared for by surgical or
gynecological teams.

Step 2. The measure then sorts admissions into one of the four remaining specialty cohorts based
on the AHRQ diagnosis category of the principal discharge diagnosis.

The Cardiorespiratory Cohort includes several condition categories with very high readmission
rates such as pneumonia, COPD, and heart failure. These admissions are combined into a single
cohort because they are often clinically indistinguishable, and patients are often simultaneously
treated for several of these diagnoses.

The Cardiovascular Cohort includes condition categories, such as AMI, that in large hospitals
might be cared for by a separate cardiac or cardiovascular team.

The Neurology Cohort includes neurologic condition categories, such as stroke, that in large
hospitals might be cared for by a separate neurology team.

The Medicine Cohort includes all non-surgical patients who were not assigned to any of the other
cohorts.
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The full list of the specific diagnosis and procedure AHRQ CCS categories used to define the
specialty cohorts are provided in the attached data dictionary.

Risk Adjustment

Risk adjustment is done separately for each specialty cohort using a logistic regression model with
30-day readmission as the outcome. Risk adjusters in each model are identical to those used in the
specialty cohorts for the claims-only hospital level measure (CBE #1789) and include the CCS for
the principal diagnosis. The full list of risk adjusters can be found in the data dictionary.

Measure Score

Because the same admission may be attributed to more than one unique Eligible Clinician group,
we could not apply the method used by the existing hospital-level HWR measure (CBE#1789) to
construct risk standardized readmission rates. Instead, we adopted a method that, while requiring
an assumption of independence across entities, allowed us to account for correlation within entity.
Please see the measure score attachment for equations and details needed to calculate the
measure score.

1.19 Measure Stratification Details
This measure is not stratified.

1.20 Types of Data Sources
Administrative Data, Claims Data

1.25 Data Source Details
Medicare FFS claims data Part A and B and Medicare Enrollment Database.
This is a claims-based measure and the measure score is calculated automatically from 100%

final-action claims; claims data are routinely generated during the delivery of care. We did not
encounter any difficulties with respect to data feasibility, reliability, or validity.

1.26 Minimum Sample Size

This measure is not based on a sample. There is no minimum sample size required to calculate the
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measure score.

2.2 Evidence of Measure Importance

Studies have shown readmissions to be related to quality of care, and that interventions have been
able to reduce 30-day readmission rates. It is reasonable to consider an all-condition readmission
rate as a quality measure (Desai et al. 2016; Wasfy et al. 2017; Zuckerman et al. 2016; Boccuti et
al. 2017). The variation in readmission rates across hospitals indicates room for quality
improvement. Targeted efforts to reduce these readmissions can result in better patient care and
potential cost savings.

In general, randomized controlled trials have shown that improvement in the following areas can
directly reduce readmission rates: quality of care during the initial admission; improvement in
communication with patients, their caregivers and their clinicians; patient education; pre-
discharge assessment; more support for patient self-management; improved disease monitoring
processes; and coordination of care after discharge (Auerbach et al. 2016; Ravn-Nielsen et al.,
2018; Becker et al., 2021). Evidence that hospitals have been able to reduce readmission rates
through these quality-of-care initiatives illustrates the degree to which hospital practices can
affect readmission rates. Successful randomized trials have reduced 30-day readmission rates by
20-40% (Feltner et al., 2014; Kamermayer et al., 2017; Wasfy et al., 2017; McWilliams et al., 2019;
De Oliveira et al., 2021). A randomized controlled trial (RCT) by the Project RED (Re-Engineered
Discharge), implemented an intervention in which a nurse was assigned to each patient as a
discharge advocate, responsible for patient education, follow-up, medication reconciliation, and
preparing individualized discharge instructions sent to the patient’s primary care provider.
Additionally, there was a follow-up phone call from a pharmacist within four days of discharge.
This RCT demonstrated a 30 percent reduction in 30-day readmissions (Patel et al., 2018).

As noted, many of the strategies and best practices used by hospitals to reduce risk of
readmissions can also be adopted by groups of clinicians, which clinician groups can influence
during the inpatient stay and during care transition (Adams et al. 2014; Sanchez et al. 2015).
Importantly, a recent study found that timely follow up after a hospitalization is associated with
readmission rates and for some conditions and patient populations accounts for most of the risk of
readmission (Anderson et al., 2022). The MIPS HWR measure allows joint attribution for three
clinician groups that provide care for patients inside and outside of the hospital prior to discharge
and therefore are in positions to influence patients’ risk of readmission. In conclusion, the
literature supports those interventions, especially those utilizing clinicians, have been able to
reduce 30-day readmission rates for a variety of specific conditions; and the observed high and
variable clinician-level readmission rates.
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2.4 Performance Gap

We conducted analyses using a full year of Medicare data from January 1, 2021 through
November 30, 2021 (n=4,698,018 patients) included in the final index cohort. We report the
RARRs for eligible clinician groups with at least one attributed index admission.

The data show evidence of performance variation across the 97,027 clinician groups. Performance
scores range from 8.98% to 26.80% with a median of 15.7%. The distribution shows meaningful
variation: the worst performing clinician group (RARR of 26.8%) is performing about 77 percent
worse than the median (15.17%), and the best performing clinician group (8.98%) is performing
about 41 percent better than the median (see Table 1 in the attachment).

Table 1. Performance Scores by Decile

Performance Gap

Overall Minimum Decile_1 Decile_2 Decile_3 Decile_4 Decile_5 Decile_6 Decile_7 Decile_8 Decile_9 Decile_10 Maximum

Mean
Performance 15.32% 8.98% 13.62% 14.56% 14.87% 15.03% 15.13% 15.21% 15.40% 15.77% 16.24% 17.41%  26.80%
Score

N of Entities 97,027 9,702 9,703 9,703 9,703 9,702 9,703 9,703 9,703 9,703 9,702



RM Partnership for
Quality Measurement

Powered by Battelle

Overall Minimum Decile_1 Decile_2 Decile_3 Decile_4 Decile_5 Decile_6 Decile_7 Decile_8 Decile 9 Decile_10 Maximum

N of Persons
/ Encounters 7,827,902 1,743,816 913,352 454,325 259,144 200,014 227,763 936,480 780,991 1,123,538 1,188,479
/ Episodes

2.6 Meaningfulness to Target Population

Hospital readmission, for any reason, is disruptive to patients and caregivers, costly to the
healthcare system and policy holders, and puts patients at additional risk of hospital-acquired
infections and complications. Readmissions are also a major source of patient and family stress
and may contribute substantially to loss of functional ability and independence, particularly in
older patients. We interviewed patients and caregivers for a Technical Expert Panel (TEP) related
to readmissions; patients and caregivers shared their stories of frustration, confusion, and
suffering, as they or their loved ones faced unexpected returns to the hospital after discharge. In
our interviews they cited experiences such as return to the hospital following exacerbation of a
condition caused by changes in medication after discharge, returns to the hospital due to infection
after an inpatient procedure, and other signs of poor coordination of care including insufficient
communication from providers and hospital staff. In addition, a recent study that examined
perspectives of patients on readmission compared patients’ perspectives on the causes and
preventability of and underlying reasons for a readmission with those of registered nurses (RNs)
and physicians (Smeraglio et. al., 2019). Interestingly, the study found that compared with
physicians, patients were more likely to identify a readmission as preventable, and patients were
more likely than physicians to identify system issues as an underlying reason for their readmission
(58% of cases vs 2%, respectively). Furthermore, RNs and patients had similar assessments as to
the preventability of their readmission.
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3.1 Contributions Towards Closing Care Gaps

At the patient level, we know that patients with social risk factors (present in our conceptual
model) may have higher unadjusted outcomes, but differences vary depending on the social risk
factor. For example, using data from Jan 1, 2021-Nov 30, 2021, we found that across the entire
cohort, patients with dual eligibility (DE) have an unadjusted hospital-wide readmission rate of
19.88%, compared with 14.74% for patients without DE; the difference is less marked for the high
ADI variable (17.05% vs 15.3%) (see attachment, Table 13). At the cohort level we also see
differences; for the medicine cohort, patients with DE have an unadjusted hospital-wide
readmission rate of 20.81%, compared with 16.97% for patients without DE. In contrast, however,
for patients with high ADI unadjusted rates are closer to rates for patients without high ADI
(18.93% vs 17.48%, respectively). See Table 13 in the attachment for results for each specialty
cohort.
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To examine the impact of social risk factors on measure scores, we first examined correlations
(Pearsons) between measure scores calculated with and without either social risk factor and found
that correlations were near 1 (0.994, p<.0001 and 0.981, p<.0001, for DE and ADI, respectively).
Second, to determine the impact on clinician groups with the highest proportion of patients with
social risk, we examined the association between the clinician-group proportion of patients with
each social risk factor and measure scores, focusing on the quartile with the highest proportion of
patients with social risk factors (Figures 9 and 10, in attachment). We found that there is a very
weak but significant correlation (r=0.018, p=.005) between the clinician-group proportion of
patients with DE and the measure score for the top (fourth) quartile, and a similarly weak but
significant correlation for patients in the top (fourth) quartile for the high ADI variable (r=0.036,
p<.0001).

Our results discussed above show that measure scores calculated with and without social risk
factors are highly correlated, and that there is only a very weak association between measure
scores and the clinician-group proportion of patients with social risk. We concluded therefore, that
there is minimal impact of social risk factors on measure scores, supporting the decision to not
include social risk factor variables in the risk model during measure development. While these
measures are not adjusted for either social risk factor, CMS allows MIPS-eligible providers to
obtain “MIPS complex bonus points” on their payment scores that are based on the medical
complexity and proportion of patients with dual eligibility
(https://qpp-cm-prod-content.s3.amazonaws.com/uploads/2309/2022%20Comple...)

4.1 Feasibility Assessment

This is a claims-based measure, and the measure score is calculated automatically from claims
data which are routinely generated during the delivery of care. No data are collected by facilities;
therefore, this measure imposes no burden on measured entities, and no implementation

effort. CMS monitors feedback from the public and measured entities; there have been no
concerns about burden related to this measure. There are no concerns about patient
confidentiality because the measure is based on claims data submitted by facilities to CMS, and
CMS then uses that data for both payment and calculation of the measure score.

We did not perform an analysis of missing data for the measure because it is based on a 100%
sample of paid, final-action claims submitted by facilities for payment. To ensure complete claims,
we allow at least three months of time between accessing the data and the end of the performance
period.

4.3 Feasibility Informed Final Measure

Because this is a claims-based measure, there is no burden on the clinician group; measure scores


https://qpp-cm-prod-content.s3.amazonaws.com/uploads/2309/2022%20Complex%20Patient%20Bonus%20Fact%20Sheet.pdf
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are automatically calculated by CMS based on claims data submitted by clinician groups for
payment.

4.4 Proprietary Information
Not a proprietary measure and no proprietary components

5.1.1 Data Used for Testing

Testing was performed using final-action Medicare Part A and B claims data for Medicare FFS
beneficiaries, as well as the Medicare Enrollment Database (EDB) for demographic information.

The dates of data used for these analyses are January 1, 2021 - November 30, 2021 for the cohort
performance period; data through December 31, 2021 are used to identify the outcome.

5.1.2 Differences in Data

The datasets, dates, number of measured entities, and number of admissions used in each type of
testing are as follows:

1. Measure Development and Initial Testing

For measure development and testing, we used two years (July 2015 - June 2017) of Medicare
administrative claims data. The dataset contained Medicare inpatient and outpatient claims data
and Medicare enrollment information. We randomly split the first year of data into two equal
samples: Dataset Al (July 2015 - June 2016) was used as the “development sample” and Dataset
A2 (July 2015 - June 2016) was used as the “validation sample.” We used the second year of the
data in addition to an extra year of data, Dataset B, as a temporal validation sample set (July 2016
- June 2017).

Dataset Al (Development sample; July 2015 - June 2016):
Number of admissions = 3,234,836
Number of clinician groups = 117,788

Patient Descriptive Characteristics: mean age = 78.21 years; % female = 56.29

Dataset A2 (Validation sample; July 2015 - June 2016):

Number of admissions = 3,233,925
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Number of clinician groups = 117,693

Patient Descriptive Characteristics: mean age = 78.21 years; % female = 56.33

Dataset B (Temporal validation sample; July 2016 - June 2017):
Number of admissions = 6,411,508
Number of clinician groups = 124,311

Patient Descriptive Characteristics: mean age = 78.19 years; % female = 56.05

For initial model testing

The measure development and validation samples were used to assess statistical model testing.

Datasets Al, A2, and Dataset B were used for patient level model testing.

For testing of measure risk adjustment

We used two years of data from July 2015 - June 2017 (Dataset A1/A2/B Combined).

2. Endorsement maintenance testing

The dataset below was used for updated testing for endorsement maintenance, including
reliability and validity testing.

2024 Endorsement Maintenance Testing Dataset:

Dates of data: January 1, 2021 - November 30, 2021

Number of admissions = 4,698,018

Number of admissions in each specialty cohort:
Cardiorespiratory = 406,819

Cardiovascular = 488,965
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Medicine = 2,345,332

Neurology = 328,388

Surgery/Gynecology = 1,128,514
Number of clinician groups = 97,027

Patient Descriptive Characteristics: mean age = 78.16 years; % female = 54.51
5.1.3 Characteristics of Measured Entities

Eligible Clinician Groups participating in MIPS are the measured entities; Medicare FFS
beneficiaries aged 65 or older are included. Eligible Clinician Groups are identified by
aggregating National Provider Identifier (NPI)-TIN pairs with a common TIN. The number of
measured entities (Eligible Clinician Groups) varies by testing type (see prior question, 4.1.2, for
details).

5.1.4 Characteristics of Units of the Eligible Population

The number of admissions/patients varies by testing type (see 4.1.2 for details). Testing includes
all beneficiaries that meet inclusion/exclusion criteria described previously, attributed to the
Eligible Clinician Group during the performance period.

5.2.1 Level(s) of Reliability Testing Conducted
Accountable entity level (i.e., measure score) (e.g., signal-to-noise analysis)

5.2.2 Method(s) of Reliability Testing

Measure Score Reliability: Clinician Group-Level Reliability

We estimated the clinician group signal-to-noise reliability for each of the five specialty cohorts
that are combined to produce the overall measure result. This is “unit” reliability, that is, the
reliability with which individual units (here, clinician groups) are measured. Because signal-to-
noise reliability is based on model parameters, it is only meaningful to calculate it at the level of
the specialty cohort; however, according to Rudner, the reliability of an aggregated scale is
bounded below by the reliability of the least reliable component and will generally be greater than
the most reliable component of the component scales are positively correlated. For each cohort,
we use the formula presented by Adams et al, to calculate provider-level signal-to-noise

reliability.

For each measured entity (eligible clinician group) we calculated the ratio of t*/(t* + s*), using the
value t* (defined in the measure score calculation section) and estimating s* using on
bootstrapping. We summarized the distribution of these values for each of the five specialty
cohorts for all clinician groups (with at least one attributed patient) and for clinician groups with
at least 200 attributed patients (the public reporting threshold).
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We note that we did not calculate split-sample reliability due to the number of clinician groups
and the difficulty in obtaining the two similar samples that are required for the analysis to provide
meaningful results.
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5.2.3 Reliability Testing Results

Please see Table 3 in the attached document that describes the cohort-level reliability results. The
results are also listed here for clinician groups with at least 200 patients.

Cohort: Mean (Minimum-Maximum)
Cardiorespiratory: 0.90 (0.82-0.98)
Cardiovascular: 0.88 (0.79-0.99)
Medicine: 0.86 (0.66-1.00)

Neurology: 0.91 (0.85-0.99)

Surgical: 0.84 (0.49-0.99)

Because the MIPS HWR measure has five specialty cohorts we were not able to use the Battelle-
supplied table shown below. Please see Table 3 in the main attachment for the distribution of
signal-to-noise reliability at the cohort level for each of the five specialty cohorts

5.2.4 Interpretation of Reliability Results

Updated signal to noise reliability testing suggests that a minimum number of attributed patients
of 200 provides acceptable reliability based on Batelle’s endorsement standards. Reliability is
slightly lower for the Surgery cohort however since the specialty cohorts are combined to create
the MIPS HWR measure score and because the other specialty cohorts all have a minimum
reliability of >0.6, it is unlikely that the one specialty cohort would unduly impact the overall
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reliability of the measure.

5.3.1 Level(s) of Validity Testing Conducted
Accountable entity level (i.e., measure score) (e.q., criterion validity)

5.3.3 Method(s) of Validity Testing

Measure validity is demonstrated through empirical validity testing, and by systematic assessment
of measure face validity via a TEP of national experts and stakeholder organizations.

Empirical Validity Testing

To provide additional validation of the measure, we assessed how well it correlated with hospital
quality. Since the outcome depends on hospital processes, including coordination of care during
the stay and during transition from the hospital, we anticipate the readmission rate for a provider
would be consistent with the quality of the hospital where most of their attributed patients are
discharged. As measures of hospital quality, we used the CMS Hospital Overall Star Ratings and
Hospital Star Ratings readmission group scores. To assess consistency, we plotted the distribution
of the measure score, Risk Adjusted Readmission Rate (RARR) over: a) Overall Star Rating (1-5)
and b) quintiles of the Star Rating Readmission domain score. We hypothesized a weak-to-
moderate negative correlation; better performance on the RARR (lower scores) is hypothesized to
be associated with a greater number of stars (better performance) and associated with better Star
Rating Standardized Readmission group scores. When the hospital-level HWR measure is removed
from the Readmission group score, we expect to still see a weak but significant positive
association. We expect a very weak, negative association with the Hospital Star Rating category,
as the Hospital Overall Star Ratings is (in addition to readmission measures) comprised of many
hospital-based measures (including mortality, hospital-acquired infections, and timely and
effective care) that may not be attributable to (in the same causal pathway) as care provided by
clinician groups captured by the MIPS HWR measure.

Face Validity

We convened a TEP to provide input and feedback during measure development from a group of
recognized experts in relevant fields. To convene the TEP, we released a public call for
nominations and selected individuals to represent a range of perspectives, including clinicians,
patients, and individuals with expertise in quality improvement and performance measurement.
We held three structured TEP conference calls consisting of a presentation of key issues, our
proposed approach, and relevant data, followed by an open discussion among TEP members. We
made modifications to the measure attribution based on TEP feedback on the measure.

TEP members were asked to assess the face validity of the final measure specification by
confidentially responding to two questions:

The risk-standardized readmission rates obtained from the MIPS HWR measure as specified:
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1. Are valid and useful measures of MIPS Eligible Clinicians and MIPS Eligible Clinician
Group quality of care.

2. Will provide MIPS Eligible Clinicians and MIPS Eligible Clinician Groups with information
that can be used to improve their quality of care.

TEP members were asked to report their agreement with each statement on a 6-point scale,
representing a range from “strongly disagree” to “strongly agree.”

5.3.4 Validity Testing Results

Empiric Validity

As hypothesized, the MIPS HWR measure was weakly and negatively associated with both the
Star Rating category (-0.093, p<.0001) and the readmission group score (-0.144, p<.0001); as
expected, the relationship became weaker when the hospital-level HWR measure was removed
from the readmission group score (-0.119, p<.0001) (see Table 5 in the attachment). Box plots of
these relationships show a consistent linear trend with regard to the relationship, with declining
median MIPS HWR measure scores (better performance) with each increasing Star Rating
category (1-5) (better performance), and similarly with quintiles of increasing Readmission Group
Scores (see Figures 2 and 3, in the attachment). In addition, we know that at the hospital level,
the HWR measure score is associated with the Hospital Consumer Assessment of Healthcare
Providers and Systems (HCAHPS) Care Transition, and HCAHPS Discharge Information
performance scores (r=-0.324, p<.0001; r=-0.324, p<.0001, respectively) in the expected
strength and direction.

Face Validity as Determined by a TEP

Validity was assessed by the TEP. Of 19 TEP members asked to complete a survey regarding
validity and usability of the measure, 17 responded.

The majority of respondents, 12/17 or 70 percent, agreed that the MIPS HWR measure scores
were valid and useful, and the same proportion agreed that the measure would provide
information that could be used to improve the quality of care.

The TEP supported attribution to multiple clinician groups. The TEP considered the fact that
readmission is a multi-factorial outcome and that multiple clinicians may play important roles in
providing appropriate care, making good decisions and practical recommendations, and
intentionally planning care transitions. These actions, while only part of the overall success of a
care transition, are necessary to promote the best possible outcome. In this context, most TEP
members agreed that patient outcomes should not be attributed to a single clinician but should
rather be attributed to multiple clinicians responsible for the patient during and after the
inpatient stay. Some TEP members noted the multiple attribution algorithm addressed the current
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reality of patient care, as opposed to being optimistic in how care should be coordinated. Some
TEP members also felt that clinicians in the hospital were best able to drive system changes. TEP
members were also supportive of attributing to the outpatient provider as they felt it was in part
the responsibility of the outpatient provider to ensure the patient does not return to the hospital
with remnant issues from their inpatient stay.

Among those who disagreed, the primary concern was that factors which led to increased risk of
readmission were beyond the control of any single eligible clinician or clinician group. This
concern drove the adoption of ‘multiple’ attribution, in which no single eligible clinician is solely
responsible for a readmission outcome; this attribution approach also has the potential to
incentivize collaboration within the hospital and across the care system, further aligning the
measure with the attribution.

5.3.5 Interpretation of Validity Results

Empirical Validity Testing

The results of the external validity testing confirm our hypothesis that MIPS HWR measure scores
were associated, in the expected strength and direction, with the comparator measures (Star
Rating category, Readmission Group Scores). These results provide meaningful external validation
of the current measure.

Validity as Assessed by External Groups and by TEP

The results demonstrate TEP agreement with overall face validity of the measure as specified, and
the main concern that the TEP voiced in their feedback (multiple attribution) was addressed after
the face validity vote. However, the attribution rules adopted for this measure were subsequently
reviewed and supported by the TEP members as well as several clinical expert workgroup
members.

Overall, the survey indicates support of the validity and usability of the measure.

5.3.2 Type of Accountable Entity Level Validity Testing Conducted (derived)

Empirical validity testing at the accountable entity-level (e.g., criterion validity, construct validity,
known groups analysis), Systematic assessment of face validity of the measure’s performance
score as an indicator of quality or resource use

5.4.1 Methods Used to Address Risk Factors
Statistical risk adjustment model with risk factors

5.4.2 Conceptual Model Rationale

To harmonize with the existing hospital-level HWR measure (CBE #1789) the same claims-based
risk factors were adopted for this clinician-group measure. As described below, we first
considered adjustment for clinical conditions and then examined additional risk imparted by social
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risk factors after the potential for greater disease burden is included in the risk model. We believe
that this is consistent with the evidence that people who experience greater social risk are more
likely to have more disease burden compared with those who do not. We describe both
approaches below. Please see Section 1.18 for equations used to derive the measure score that
include risk adjustment.

Approach to Variable Selection:

To harmonize with the existing hospital level measure (CBE #1789) the same risk factors were
adopted. These were originally selected from a pool comprised of 30 variables drawn from
previous readmission measures (acute myocardial infarction, heart failure, pneumonia, hip and
knee arthroplasty, and stroke) and 11 additional CMS-CCs that were determined on a clinical
basis to be relevant to an all-condition measure. Using data from the index admission and any
admission in the prior 12 months, standard logistic regression models were run for every
discharge condition category with the full set of candidate risk adjustment variables. The final set
of comorbid risk variables were selected for the hospital-level HWR measure (CBE #1789) based
on the following principles:

e Exclude risk variables that were statistically significant for very few condition categories,
given that they would not contribute much to the overall models.

e Exclude risk variables that behaved in clinically incoherent ways.

e Exclude risk variables that were predominantly protective when it was felt this protective
effect was not clinically reasonable but more likely reflected coding factors.

 Risk variables that were clinically coherent and carried similar risks across condition
categories were grouped. For example, we combined coronary artery disease (CCs 83-84)
with cerebrovascular disease (CCs 98, 99, and 103).

e Risk variables that had been combined in previous CMS publicly reported measures were
examined, and in one instance separated.

Complications occurring during hospitalization are not comorbid illnesses, may reflect hospital
quality of care, and therefore should not be used for risk adjustment. Hence, conditions that may
represent adverse outcomes due to care received during the index hospital stay are not included
in the risk-adjusted model.

Service Mix Adjustment

The MIPS HWR measure includes many different discharge condition categories that differ in
their baseline readmission risks. In addition, hospitals differ in their relative distribution of these
condition categories (service mix). To adjust for service mix, the measure uses an indicator
variable for the discharge condition category in addition to risk variables for comorbid conditions.
The models include a condition-specific indicator for all condition categories with sufficient
volume (defined as those with more than 1,000 admissions nationally in a given year for Medicare
FFS data) as well as a single indicator for conditions with insufficient volume in each model.

Social Risk Factors
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Social risk factors that we identified for examination were based on a review of literature,
conceptual pathways, and feasibility. Below we describe the conceptual pathways by which social
risk factors may influence 30-day readmission.

Studies indicate that social risk variables can be associated with increased risk of readmission
across multiple major illnesses and conditions (Joynt-Maddox et al., 2019, Aseltine RH, et al.,
2015; Odonkor CA, et al., 2015; Herrin ], et al., 2015; Gu Q, et al., 2014, Kangovi S, et al., 2012;
[loabuchi TC, 2014; Beck AF, et al., 2012; Hu J, 2014; Nagasako EM, et al., 2014; Joynt, KE, et al.,
2013). While some studies found there may not be a significant effect on hospital-level profiling
(Blum AB, et al., 2014), others have found that risk adjustment for social risk factors has an
impact, in particular for safety-net hospitals (Joynt-Maddox et al., 2019). However, others have
found that social risk factors may be capturing clinical complexity (Cher, Bay, Hoffman, & Sheetz,
2020, Pandey et al., 2020, Sterling et al., 2022) or hospital-level characteristics (Brown et al.,
2015), or that differences in hospital outcomes by race and neighborhood income may be
systemic, rather than localized within particular hospitals (Downing et al., 2018).

Although some recent literature evaluates the relationship between patient social risk and the
readmission outcome, few studies directly address causal pathways or examine the role of the
hospital in these pathways. Moreover, the current literature examines a wide range of conditions
and risk variables with no clear consensus on which risk factors demonstrate the strongest
relationship with readmission. The social risk factors that have been examined in the readmission
literature can be categorized into three domains: (1) patient-level variables, (2)
neighborhood/community-level variables, and (3) hospital-level variables.

Patient-level variables describe characteristics of individual patients and include the patient’s
income or education level (Imran, Rawal, Botre, & Patil, 2022). Neighborhood/community-level
variables use information from sources such as the American Community Survey (ACS) as either a
proxy for individual patient-level data or to measure environmental factors. Studies using these
variables use one dimensional measures such as median household income or composite measures
such as the Area Deprivation Index (ADI) (Kind & Buckingham, 2018; University of Wisconsin
School of Medicine and Public Health, 2023; Powell, Sheehy, & Kind, 2023; Singh, 2003). Some of
these variables may include the local availability of clinical providers (Herrin et al., 2015, 2016).
Hospital-level variables measure attributes of the hospital which may be related to patient risk.
Examples of hospital-level variables used in studies are ZIP code characteristics aggregated to the
hospital level or the proportion of Medicaid patients served in the hospital (Gilman M, et al., 2014;
Joynt KE and Jha AK, 2013).

The conceptual relationship, or potential causal pathways by which these possible social risk
factors influence the risk of readmission following an acute illness or major surgery, like the
factors themselves, are varied and complex. There are at least four potential pathways that are
important to consider. While the MIPS HWR measure attributes readmissions to clinician groups,
it still captures quality care provided by clinicians within the hospital system. Thus, the
conceptual framework used to understand how social risk factors play a role in how hospitals
influence readmissions can also be used to understand how social risk factors play a role in how
clinician groups at the hospital can influence readmissions.

1. Patients with social risk factors may have worse health at the time of hospital
admission. Patients who have lower income/education/literacy or unstable housing may
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have a worse general health status and may present for their hospitalization or procedure
with a greater severity of underlying illness (Owens et al., 2022). These social risk factors,
which are characterized by patient-level or neighborhood/community-level (as proxy for
patient-level) variables, may contribute to worse health status at admission due to
competing priorities (restrictions based on job, lack of childcare, etc.), lack of access to care
(geographic, cultural, or financial), or lack of health insurance. Given that these risk factors
all lead to worse general health status, this causal pathway should be largely accounted for
by current clinical risk-adjustment.

2. Patients with social risk factors may receive care at lower quality hospitals. Patients
of lower income, lower education, or unstable housing may have inequitable access to high
quality facilities, in part, because such facilities are less likely to be found in geographic
areas with large populations of impecunious patients (Nwana et al., 2022; Fahrenbach et al.,
2020). Thus, patients with low income may be more likely to be seen in lower quality
hospitals, which can contribute to increased risk of readmission following hospitalization.

3. Patients with social risk factors may receive differential care within a hospital. The
third major pathway by which social risk factors may contribute to readmission risk is that
patients may not receive equivalent care within a facility (Downing et al., 2018).
Alternatively, patients with social risk factors such as lower education may require
differentiated care - e.g., provision of lower literacy information - that they do not receive.

4. Patients with social risk factors may experience worse health outcomes beyond the
control of the health care system. Some social risk factors, such as income or wealth,
may affect the likelihood of readmission without directly affecting health status at admission
or the quality of care received during the hospital stay. For instance, while a hospital may
make appropriate care decisions and provide tailored care and education, a lower-income
patient may have a worse outcome post-discharge due to competing economic priorities or a
lack of access to care outside of the hospital. In addition, there is evidence that differences
in hospital-level readmission rates based on patients’ race and neighborhood income may be
systemic, rather than localized within particular hospitals (Downing et al., 2018).

These proposed pathways are complex to distinguish analytically. They also have different
implications on the decision to risk adjust or not. We, therefore, first assessed if there was
evidence of a meaningful effect on the risk model to warrant efforts to distinguish among these
pathways. Based on this model, the following social risk variables were considered:

* Dual-eligible Status

Dual eligibility for Medicare and Medicaid is available at the patient level in the Medicare Master
Beneficiary Summary File. The eligibility threshold for aged 65 or older Medicare patients
considers both income and assets. For the dual-eligible (DE) indicator, there is a body of literature
demonstrating differential health care and health outcomes among beneficiaries (ASPE, 2020).

* Area Deprivation Index

While we previously have used the AHRQ social risk variable in these types of analyses, we now
use the validated ADI (Forefront Group, 2023). We made this change to align with other CMS
work on social risk factors that now uses the ADI. We describe the ADI variable below.

The ADI, initially developed by Health Resources & Services Administration, is based on 17
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measures across four domains: income, education, employment, and housing quality (Kind et al.,
2018; Singh, 2003).

The 17 components are listed below:

e Population aged = 25 y with < 9 y of education, %

e Population aged = 25 y with at least a high school diploma, %
Employed persons aged = 16 y in white-collar occupations, %
Median family income, $

Income disparity

Median home value, $

e Median gross rent, $

e Median monthly mortgage, $

e Owner-occupied housing units, % (home ownership rate)

e Civilian labor force population aged =16 y unemployed, % (unemployment rate)
e Families below poverty level, %

e Population below 150% of the poverty threshold, %

¢ Single-parent households with children aged < 18y, %

¢ Households without a motor vehicle, %

e Households without a telephone, %

¢ Occupied housing units without complete plumbing, % (log)

e Households with more than 1 person per room, % (crowding)

ADI scores were derived using the beneficiary’s 9-digit ZIP Code of residence, which is obtained
from the Master Beneficiary Summary File, and is linked to 2017-2021 US Census/ACS data. In
accordance with the ADI developers’ methodology, an ADI score is calculated for the census block
group corresponding to the beneficiary’s 9-digit ZIP Code using 17 weighted Census indicators.
Raw ADI scores were then transformed into a national percentile ranking ranging from 1 to 100,
with lower scores indicating lower levels of disadvantage and higher scores indicating higher
levels of disadvantage. Percentile thresholds established by the ADI developers were then applied
to ADI percentile to dichotomize neighborhoods into more disadvantaged (high ADI
areas=ranking equal to or greater than 85) or less disadvantaged areas (low ADI areas=ranking
of less than 85).
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5.4.3 Variable Distribution Across Measured Entities

Please see the excel file entitled MIPSHWR Surg Risk Variable ORS Frequencies for the
frequency and odds ratios for each risk variable in the final risk model across patients in the 2024
endorsement maintenance testing dataset.

Tables 6, 7, and 8 (see attachment) show the proportion of social risk factors identified in the
conceptual model for the MIPS HWR measure. Across the entire cohort, the proportion of patients
with the DE and ADI variables is 14.66% and 12.11%, respectively. Across the specialty cohorts,
the proportion of patients with DE ranges from 9.41% in the Surgery/Gynecology cohort, to
17.74% in the Cardiorespiratory cohort; the proportion of patients with high ADI ranges from
10.61% in the Surgery/Gynecology cohort to 14.68% in the Cardiorespiratory cohort. At the
clinician group level, the median proportion of patients with DE was 5.6% and for patients with
high ADI was 0% (Table 9).

5.4.4 Risk/Case-Mix Adjustment Modeling and/or Stratification Results

Case Mix Adjustment

Please see a list of all risk variables along with risk variable frequencies and odds ratios is
available in the file entitled MIPSHWR Surg Risk Variable ORS Frequencies. We note that a
present-on-admission algorithm is used in the risk-adjustment methodology to identify condition
category (CC)-defined risk-adjustment variables from secondary diagnosis codes on the index
admission claim.

Service Mix Adjustment

In addition to the case mix variables shown below, the MIPS HWR measure is also adjusted for
service mix. The measure includes many different discharge condition categories that differ in
their baseline readmission risks. In addition, hospitals differ in their relative distribution of these
condition categories (service mix). To adjust for service mix, the measure uses an indicator
variable for the discharge condition category in addition to risk variables for comorbid conditions.
The models include a condition-specific indicator for all CCs with sufficient volume (defined as
those with more than 1,000 admissions nationally in a given year for Medicare FFS data) as well
as a single indicator for conditions with insufficient volume in each model.

5.4.4a Attach Risk/Case-mix Adjustment Modeling and/or Stratification
Specifications

MIPSHWR Surg Risk Variable ORS Frequencies.xlsx

5.4.5 Calibration and Discrimination


https://p4qm.org/sites/default/files/2024-05/MIPSHWR_Surg_Risk_Variable_ORS_Frequencies.xlsx
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To assess model performance, we computed three summary statistics to demonstrate model
discrimination and calibration, and we provide risk-decile plots to demonstrate additional
evidence of calibration. We describe the approach and results below; related tables and figures
are in the attachment.

Discrimination statistics (c-statistic and predictive ability)

1. C-statistic: Area under the receiver operating characteristic (ROC) curve (the c-statistic)
indicates the probability that predicting the outcome is better than chance, which is a measure of
how accurately a statistical model can distinguish between a patient with and without an outcome.
Our results show that c-statistics ranged from 0.63-0.68 across specialty cohorts (see Table 10 in
the attachment), similar to the c-statistics submitted for initial CBE endorsement, and in line with
readmission-type measures. We also list the c-statistic for each specialty cohort below:

Cardiorespiratory: 0.64
Cardiovascular: 0.66
Medicine: 0.65
Neurology: 0.63

Surgery/Gynecology: 0.68

2.Predictive ability: Discrimination in predictive ability measures the ability to distinguish high-
risk subjects from low-risk subjects; therefore, we want to see a wide range between the lowest
decile and highest decile. Predictive ability for each cohort (see Table 11 in the attachment) is
sufficiently wide across cohorts and is similar to results provided to support initial CBE
endorsement. Below we also list the predictive ability (lowest decile %-highest decile %) for each
cohort.

Cardiorespiratory: 7.9 - 34.5
Cardiovascular: 5.1 - 27.9
Medicine: 7.6 - 33.2
Neurology: 6.1 - 25.2

Surgery/Gynecology: 3.0 - 26.2

Calibration statistics (overfitting)

3. Over-fitting refers to the phenomenon in which a model accurately describes the relationship
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between predictive variables and outcome in the development dataset but fails to provide valid
predictions in new patients. Estimated calibration values of y0 close to 0 and estimated values of
v1 close 1 provide evidence of good calibration of the model.

We used Datasets Al, A2, and B for this analysis, which were performed during initial measure
development. Our results show a calibration value of close to 0 at one end and close to 1 to the
other end indicating good calibration of the model (Table 12, attachment).

CORE notes that after initial measure development we do not re-test our risk models for
overfitting using a dataset that is external to the testing sample. In our risk models, coefficients
are updated each time the measure is calculated; we refit the model with new data each time the
measure is calculated. Therefore, random statistical fluctuations in model coefficients across
repeated reporting cycles are part of the overall random error in the facility performance
estimates.

Risk-decile Plots

Risk decile plots assess calibration of the risk model by examining the alignment between
predicted and observed outcomes across deciles of predicted risk. Risk-decile plots for MIPS HWR
(Figures 4-8 in the attachment) show good calibration across each specialty cohort.

5.4.6 Interpretation of Risk/Case-mix Factor Findings

We describe the approach to risk variable selection in Section 4.4.4a, including the rationale for
including or not including risk factors in the final model. We note that this clinician-group
measure uses the same risk variables as the hospital-level measure, from which the clinician-
group measure was respecified. The risk model was developed originally without social risk
factors; in Section 5.1 we provide updated incremental testing on the impact of social risk factors
on measure Scores.

In this section we provide the interpretation of the risk model testing results shown in section
4.4.5.

The following results demonstrate that the risk-adjustment model adequately controls for
differences in patient characteristics:

Discrimination Statistics

The calculated c-statistics ranged from 0.63 to 0.68 across specialty cohorts; these values indicate
good model discrimination across the cohort models. The models also predicted a wide range
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between the lowest decile and highest decile for each cohort and dataset, indicating the ability to
distinguish high-risk subjects from low-risk subjects.

Calibration Statistics

The calibration values which are consistently close to 0 at one end and close to 1 for all specialty
cohorts and datasets, indicating good calibration of the models.

Risk Decile Plots

Higher deciles of the predicted outcomes are associated with higher observed outcomes, which
show a good calibration of the model. This plot indicates excellent discrimination of the model and
good predictive ability.

Overall Interpretation

Interpreted together, our diagnostic results demonstrate the risk-adjustment model adequately
controls for differences in patient characteristics (case mix).

5.4.7 Final Approach to Address Risk Factors
Statistical risk adjustment model with risk factors
6.1.1 Current Status
In use
6.1.3 Current Use(s)

Public Reporting, Payment Program, Quality Improvement with Benchmarking (external
benchmarking to multiple organizations)

6.1.3 Program Details

Name of the program and sponsor

Merit-based Incentive Payment System (MIPS), part of the Quality Payment Program (QPP).
URL of the program

https://qpp.cms.gov/

Purpose of the program

MIPS was designed to tie payments to quality and cost-efficient care, drive improvement in care
processes and health outcomes, increase the use of healthcare information, and reduce the cost of
care.

Geographic area and percentage of accountable entities and patients included

IPS providers (clinician groups) and all Medicare FFS patients across the United States.
Geographic area is national. For the dates of data between January 1, 2021-November 30, 2021,
this measure captures 4,698,018 inpatient admissions attributed to more
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Applicable level of analysis and care setting

Level of analysis is clinician group; care setting is inpatient and clinic/outpatient.
6.2.1 Actions of Measured Entities to Improve Performance

The outcome of unplanned hospital visits following discharge from an inpatient admission is a
widely accepted measure of care quality. The MIPS HWR measure provides the opportunity to
improve the quality of care and to lower rates of adverse events that result in unplanned
readmission after an inpatient stay.

There are evidence-based interventions that can reduce readmission rates. These interventions
often address inadequate transitions of care, including patient education at discharge and
coordination of outpatient care. For example, a 2021 systematic review that analyzed 60 trials,
including 19 randomized controlled trials, concluded, in agreement with prior systematic reviews,
that interventions that focus on communication at discharge were statistically significantly
associated with lower rates of hospital readmissions (Becker et al., 2021). Within the 19 trials,10
focused on medication counselling, and six focused on patient education about their condition: the
other three focused on other specific communication strategies. A 2022 systematic review found
that post-discharge care including home care, telephone, and/or clinic visits resulted in lower
rates of readmission compared with “usual care” for cardiac patients (Chauhan & McAlister,
2022). A systematic review published in 2023 pooled the results from 73 different studies to
compare transitional care interventions with different levels of complexity and their impact on
improving outcomes and found that low- and medium-complexity interventions were the most
effective at reducing 30-day readmissions (Tyler et al., 2023). Study authors found that compared
with usual care, readmission rates were reduced by 18 percent to 55 percent for these types of
interventions. Complexity was categorized by the number of components of the intervention, and
the number of stages of the hospitalization that the intervention was implemented. Finally, CMS
has published a guide for hospitals, aimed at leadership, staff, and clinicians, which outlines
effective strategies for reducing readmissions and reducing disparities. Strategies covered in the
guide include: ensuring that patients understand discharge instructions and have appropriate
follow-up visits, improving accessibility (transportation) for post-discharge care, ensuring patients
have a primary care provider, starting post-discharge visit planning early in the discharge
process, ensuring transfer of information to the post-discharge provider, and strategies to address
language barriers and low health literacy (CMS Office of Minority Health, 2024).

The MIPS HWR measure is part of the Merit-Based Incentive Payment System (MIPS) a pay-for-
performance program. This measure addresses an important quality measurement area and
enhances the information available to patients about where to seek care. Furthermore, providing
outcome rates to clinician groups and the public makes visible meaningful quality differences and
incentivizes improvement.



RM Partnership for
Quality Measurement

Powered by Battelle

References

Becker, C., Zumbrunn, S., Beck, K., Vincent, A., Loretz, N., Muller, J., Amacher, S. A., Schaefert,
R., & Hunziker, S. (2021). Interventions to Improve Communication at Hospital Discharge and
Rates of Readmission: A Systematic Review and Meta-analysis. JAMA network open, 4(8),
€2119346. https://doi.org/10.1001/jamanetworkopen.2021.19346

Chauhan, U., & McAlister, F. A. (2022). Comparison of Mortality and Hospital Readmissions
Among Patients Receiving Virtual Ward Transitional Care vs Usual Post discharge Care: A
Systematic Review and Meta-analysis. JAMA network open, 5(6),

€2219113. https://doi.org/10.1001/jamanetworkopen.2022.19113

CMS Office of Minority Health (2024). Guide for Reducing Disparities in Readmissions. Accessed
April 23, 2024; https://www.cms.gov/about-cms/agency-information/omh/downloads/omh read...

Tyler, N., Hodkinson, A., Planner, C., Angelakis, 1., Keyworth, C., Hall, A., Jones, P. P., Wright, O.
G., Keers, R., Blakeman, T., & Panagioti, M. (2023). Transitional Care Interventions From Hospital
to Community to Reduce Health Care Use and Improve Patient Outcomes: A Systematic Review
and Network Meta-Analysis. JAMA network open, 6(11), e2344825.
https://doi.org/10.1001/jamanetworkopen.2023.44825

6.2.2 Feedback on Measure Performance

Throughout the measure development process, we obtained expert and stakeholder input through
regular discussions with external clinical consultants, consulting our national TEP, and holding a
30-day public comment period. CORE clinicians, as well as several clinical experts, met regularly
to discuss all aspects of measure development, including the cohort, outcome definition, risk
adjustment and attribution rules.

In addition to the clinical consultations and in alignment with CMS MMS guidance, we convened a
TEP to provide input and feedback during measure development from a group of recognized
experts in relevant fields. To convene the TEP, we released a public call for nominations and
selected individuals to represent a range of perspectives, including clinicians, patients, and
individuals with expertise in quality improvement and performance measurement. We held three
structured TEP conference calls consisting of a presentation of key issues, our proposed approach,
and relevant data, followed by open discussion among TEP members.

Following measure implementation, CMS gathers stakeholder feedback through CMS’s QPP Q&A
process. CMS offers a phone number, email inbox, and a Service Center
website: https://qpp.cms.gov/resources/help-and-support.&nbsp;

6.2.3 Consideration of Measure Feedback
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https://qpp.cms.gov/resources/help-and-support.&nbsp

RM Partnership for
Quality Measurement

Powered by Battelle

During measure development we made modifications to the measure’s attribution (adopting the
multiple attribution method) based on TEP feedback on the measure.

Following measure implementation, no changes other than standard coding updates were
implemented.

6.2.4 Progress on Improvement

For the MIPS HWR (clinician group) measure we currently do not have access to measure scores
that span a sufficient period of time to compare performance, following the start of public
reporting.

However, we do know from the hospital-level measure that over time, observed (unadjusted)
national readmission rates have declined across the entire cohort and across each specialty
cohort. We examined national patient-level unadjusted outcomes for the hospital-level, claims-only
HWR measure and found that mean observed (unadjusted) patient-level readmission rates
declined across the entire cohort, from 15.3 percent in the 2016/2017 performance period to 14.6
percent in the 2021/2022 performance period, and also across all specialty cohorts (Figure 11 in
the attachment). This suggests that public reporting of the HWR measure has the potential to
result in better outcomes for patients and focus attention on improving processes that are tied to
improved outcomes.

6.2.5 Unexpected Findings
There have been no unexpected findings during implementation.

7.1 Supplemental Attachment
CBE 3495 MIPS HWR Attachments Spring 2024.zip

Developer POC email
Lisa.Suter@yale.edu
Measure Developer POC

Lisa Suter

Yale/YNHH Center for Outcomes Research and Evaluation (CORE)
New Haven, CT

United States

The measure developer is different from the measure steward
Yes
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Steward Address

Raquel Myers

Centers for Medicare & Medicaid Services (CMS)
7500 Security Boulevard

Windsor Mill, MD 21244

United States

Steward Organization
Centers for Medicare & Medicaid Services

Steward Organization URL
https://www.cms.gov/medicare/quality/initiatives/hospital-quality-initiative/in...

Steward POC email

raquel.myers@cms.hhs.gov
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