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Abstract

Objective: To describe the characteristics of high-frequency hospital users (four or
more hospitalizations in a year) and the consequences of including or excluding their
data from a readmission-based measure.

Data sources: 2015 and 2016 Massachusetts Medicaid data.

Study design: We compare demographics, morbidity burden, and social risk factors
for high- and low-frequency hospital users, and membership in 17 accountable care
organizations. We evaluate how excluding hospitalizations of high-frequency users
from a 30-day readmission measure (with or without risk adjustment) changes its rate
and variability and affects performance rankings of accountable care organizations.
The outcome is readmission within 30 days; each live discharge from a hospital con-
tributes one observation.

Data collection/extraction methods: We studied 74 706 hospitalizations of 42 794
MassHealth members, 18-64 years old, managed-care-eligible, and ever hospitalized
in 2016.

Principal findings: Among adult managed-care-eligible MassHealth members with at
least one acute hospitalization, 8.7% were high-frequency hospital users; they con-
tributed 30.2% of hospitalizations and 69.4% of readmissions. High-frequency users
were more often male (77.1% vs. 50.0%; P < 0.001) and sicker (mean medical morbid-
ity score was 3.3 vs. 1.9; P < 0.001) than others. They also had significant social risks:
33.1% with housing problems, 44.1% disabled, 83.2% with serious mental illness, and
77.1% with substance abuse disorder (vs. 22.0%, 27.3%, 60.2%, and 50.0%, respec-
tively, for other hospital users [all P values <0.001]). Fully 50.7% of hospitalizations
for high-frequency users led to 30-day readmissions (vs. 9.7%), contributing 72.0% of
the variance in 30-day readmission, and substantially affecting judgments about the
relative performance of accountable care organizations.

Conclusions: A small group of high-frequency hospital users have a disproportionate
effect on 30-day readmission rates. This negatively affects some Medicaid ACOs,
and more broadly is likely to adversely affect safety net hospitals. How these metrics

are used should be reconsidered in this context.
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1 | INTRODUCTION

Thirty-day hospital readmission measures were originally introduced
to discourage hospitals from premature discharge and incentivize
attentiveness to post-acute care.> As such, the Centers for Medicare
and Medicaid Services (CMS) has publicly reported readmission rates
for acute heart failure, pneumonia, and myocardial infarction for years,
and began penalizing hospitals for excessive unplanned readmissions
in 2013.2* While improved hospital care can reduce readmissions,
penalties based on readmission measures have been criticized for
their arguably unfair, substantial, and negative impact on safety-net
hospitals, whose patients typically have less supportive post-acute
care options.>”

All-cause unplanned readmission as a quality measure has now
been extended to accountable care organizations (ACOs)2 We
explore here the new concern that an ACO whose members require
frequent hospitalization as a result of social complexity affecting
health is likely to be harmed by a quality measure driven by high-
frequency users, potentially exacerbating existing health disparities.

MassHealth, Massachusetts' Medicaid and Children's Health
Insurance Program (CHIP), currently includes an ACO-level 30-day
readmission measure developed by the National Committee for
Quality Assurance (NCQA) in its quality measure slate. This paper
does not critique this HEDIS measure, which is risk adjusted for vari-
ous clinical factors describing each discharge, including discharge
condition, presence of surgeries, and comorbidities. Nor do we pro-
pose an alternate 30-day readmission measure. Rather, we examine
differences between high-frequency users, defined as those with
four or more live discharges from a hospital in a year,” and other
(less-frequent) hospital users in MassHealth as to: demographics,
medical, and social risk factors, and their contributions to plan-level
readmission rates. We also examine how excluding hospitalizations
of high-frequency users from a 30-day readmission measure affects
the overall readmission rate and its variability, and its effect on ACO

performance rankings.

What this study adds?
e The prevalence of medically and socially complex high-frequency hospital users in an ACO is

What is known on this topic?

o Hospital readmission rates have been used and criticized as a quality measure and have been
extended to accountable care organizations (ACOs).

o We explore the new concern that an ACO whose members require frequent hospitalization
is likely to be harmed by a quality measure driven by high-frequency users, potentially exac-
erbating existing health disparities.

the principal driver of its readmission rate.

o An “ALL patients” readmission quality measure is highly volatile compared to readmission for
only low-frequency hospital users; including data from high-frequency users substantially
affects judgments about ACOs' performance on this measure.

e A good measure should limit the effect of patient-level variability so that health plan-level

variability may be more plausibly interpreted as a measure of health plan quality.

2 | METHODS

21 | Studydata

We used 2016 claims and enroliment data from MassHealth,
whose 1.2 million MassHealth members became eligible to choose
their health care in March 2018 from among 17 newly organized
ACOs, two managed care organizations, or MassHealth's primary
care clinician (PCC) plan, for which the State reimburses providers
directly.’® We used the same algorithm that MassHealth used to
“default assign” enrollees to 17 virtual ACOs, based on the organi-
zations with which their primary care clinicians later affiliated. We
used 2015 data to ensure near-continuous Medicaid enrollment

and to measure morbidity in the vyear preceding each
hospitalization.'!
2.2 | Studysample

We used NCQA criteria to identify hospitalizations that contribute to
the denominator and numerator for the unadjusted 30-day
readmission measure.*> We first identified all hospitalizations for
members with at least one inpatient stay between January 1 and
December 1, 2016 and who had been continuously enrolled in Mas-
sHealth for 365 days (with at most one 45-day gap prior to the dis-
charge date) through 30 days following discharge.}>'2 We excluded
hospitalizations for females with a principal diagnosis of pregnancy or
for a condition originating in the perinatal period as well as hospitali-
30 days
(e.g., transplantation, chemotherapy, rehabilitation).'>*? Finally, we

zations followed by planned readmission within
excluded hospitalizations for members younger than 18 or older than
64. Individual members could contribute multiple hospital stays to
analyses; each hospital discharge for an eligible member contributed
one observation. Our final study sample included 74 706 unique

hospitalizations among 42 794 MassHealth members (Figure 1).
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125,984 Index Hospital stays

among 82,712 MassHealth beneficiaries

Exclusion criteria:

104,240 stays

through 30 days after the Index Discharge Date

of 67,149 Beneficiaries with continuous enrollment within 365
days (with at most one gap) prior to the Index Discharge Date

18,980 stays with a principal dx of
pregnancy or of a condition
originating in the perinatal period

(17,649 Females)

528 planned hospital stays within
30 days (346 members)

84,732 stays

10,026 stays (for 7,198 members younger

A 4

Final study sample
74,706 stays

among 42,794 members

FIGURE 1

These hospitalizations (hereafter referred to as index hospitalizations)

comprise the denominator for calculating all-cause 30-day

readmission rates.

2.3 | Outcome measures

Our two key outcomes were (1) frequent use of hospitals (four or
more live hospital discharges) for individuals and (2) non-pregnancy-
related 30-day hospital readmissions for index hospitalization
discharges.

24 | Covariates

We considered age, gender, and morbidity burden using the CMS's
Hierarchical Condition Category (CMS-HCC) model in the 365 days
prior to each index hospitalization. The CMS-HCC model is calcu-
lated from age, sex, and diagnoses organized into condition catego-
ries (CCs).22 While originally developed to predict health care costs,
the CMS-HCC model is widely used as a measure of total morbidity
burden. Sicker individuals receive higher scores.!*'® We also

"| than 18 or older than 64)

Study population flow chart, hospital stays among MassHealth managed care eligible enrollees

considered social determinant of health (SDH) factors including
behavioral health issues (i.e., serious mental illness and substance
use disorder), disability, housing problems, and a neighborhood-level
stress score. We measured SDH factors during 2016 when available.
For the 1.8% of subjects missing 2016 SDH data, we used 2015
information. We used indicators for serious mental illness and sub-
stance use disorders based on CCs created with the diagnosis-based
Diagnostic Cost Group Hierarchical Condition Category software
(DXCG-HCC)Y? (Described in Appendix S1). MassHealth routinely
adjusts payments to Medicaid managed care organizations using
DxCG-HCC models that organize diagnoses into CCs that are similar
to, but more detailed than, those in the CMS-HCC model. Our
marker for disability indicates either Medicaid entitlement due to
disability or to having qualified for special services from the state's
Departments of Mental Health or Developmental Disabilities. Our
“Housing Problem” marker indicates either unstable housing
(>3 addresses within a year) or through the presence of ICD10 code
Z59.0 (homelessness) on at least one 2016 claim or encounter
record. Neighborhood-level socioeconomic deprivation was
summarized by a neighborhood stress score, calculated at the
U.S. Census-block-group level from seven variables available

through the American Community Survey.?°
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TABLE 1 Characteristics of MassHealth enrollees with at least one acute inpatient stay in 2016
4+ Hospitalizations 1-3 Hospitalizations

Hospital user type # Column % # Column % P-value®
ALL 3728 100.0% 39 066 100.0%

Male 2873 77.1% 19 533 50.0% <0.001
Age group

18-34 1041 27.9% 11 815 30.2% <0.001

35-54 1829 49.1% 17 427 44.6%

55-64 858 23.0% 9824 25.2%
Race/Ethnicity

White/Non-Hispanic 1817 48.7% 18 920 48.4% <0.001

Black/Non-Hispanic 337 9.0% 3469 8.9%

Hispanic 219 5.9% 2988 7.7%

Other/unknown 1355 36.4% 13 689 35.0%
Mean HCC morbidity score (standard deviation) 3.3 (2.2) 1.9 (1.5) <0.001
Housing problems® 1233 33.1% 8614 22.0% <0.001
Disabled® 1643 44.1% 10 682 27.3% <0.001
Serious mental iliness 3103 83.2% 23513 60.2% <0.001
Substance use disorder 2873 77.1% 19 533 50.0% <0.001
Any LTSS use 1769 47.5% 9265 23.7% <0.001
Mean neighborhood stress score (standard deviation)® 0.1 (2.2) 0.0 (2.1) 0.006

Note: Authors' calculations using data on 74 706 hospitalizations between January 1 and December 1, 2016 of 42 794 MassHealth managed care eligible

adult members.

Abbreviations: HCC, morbidity burden measured using the CMS-HCC diagnosis-based Hierarchical Condition Category score; LTSS, long-term services

and supports.
2Chi-square or Student t test.

PHousing problem is defined as 3+ distinct addresses or homelessness (Z59.0) on claims or encounter records during 2016.
“Disability status is Medicaid entitlement for disability or qualification for specialized services for mental health or developmental disabilities in 2016.
9Neighborhood stress score summarizes seven neighborhood-level indicators of economic stress using U.S. Census block group data.

TABLE 2 Hospitalizations and

Low-frequency users L. X
E v readmissions: By hospital use frequency

ALL High-frequency users
N (Rate) % (Rate)
Unique patients 42 794 8.7%
Hospitalizations 74 706 30.2%
Readmissions 16 485 69.4%
Readmission rate (22.1%) (50.7%)

% (Rate)
91.3%
69.8%
30.6%
(9.7%)

Note: Authors' calculations using data on 74 706 hospitalizations between January 1 and December 1,

2016 of 42 794 MassHealth managed care eligible adult members.

2.5 | Statistical analyses

First, we used Chi-squared and Student t tests to assess associations
between each covariate and frequent hospitalization use. Second, we
compared unadjusted and risk adjusted hospital readmission rates
among MassHealth ACOs and their relative performance ranking
(1) when all hospitalizations were included and (2) when excluding the
hospitalizations of high-frequency hospital users. Third, we quantified
the effect of high-frequency users' data on the variance of the 30-day

readmission measure.

Because each ACO serves a unique set of patients and patients can
experience multiple hospitalizations, we used hierarchical generalized lin-
ear models to analyze this clustering, as the likelihood that a hospitaliza-
tion is followed by a readmission may be influenced by the unmodeled
patient or ACO characteristics. Indeed, the entire justification for a
readmission quality measure relies on the belief that ACOs can exert such
effects. We estimated the intraclass correlation coefficient (ICC), which is
the ratio of the between-cluster variance that is accounted for by cluster-
ing to the total variance in 30-day readmission; we then attributed the

variance in 30-day readmissions to three levels: ACO, patient, and
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TABLE 4 Variance decomposition statistics for 30-day
readmission

Patient-level ICC ACO?-level ICC

Unadjusted
All enrollees 34.99% (33.73%-36.26%)

Low- 9.84% (7.46%-12.89%)
frequency
hospital
users

High- 12.94% (11.64%-14.36%)
frequency

hospital
users

Adjusted

0.24% (0.09%-0.68%)
0.28% (0.77%-0.99%)

0.00% (0.00%-0.00%)

All enrollees  26.79% (25.55%-28.05%)

Low- 6.05% (3.80%-9.50%)
frequency
hospital
users

High- 12.63% (11.32%-14.07%)
frequency
hospital
users

0.10% (0.02%-0.56%)
0.22% (0.05%-0.97%)

0.00% (0.00%-0.00%)

Source: Authors' calculations using data on 74 706 hospitalizations
between January 1 and December 1, 2016 of 42 794 MassHealth
managed care eligible adult members. Estimates are based on hierarchical
generalized linear models with a logit link and a binomial distribution.
Unadjusted models include random effects only. Adjusted models added
fixed effects for age, sex, morbidity, serious mental illness, substance use
disorder, disability, a neighborhood stress score, and a marker for housing
problems.

Abbreviations: ACO, accountable care organization; ICC, intraclass
correlation coefficient.

®These data are pre-ACO-program launch in 2018. For this analysis we
attributed members to ACOs by applying MassHealth's algorithm, based
on historic member claims and encounters, for default assignment

to ACOs.

hospitalization. We began by fitting logistic regressions with random
effects only (unadjusted) to estimate the total variance at each of the
ACO- and patient-levels—one including the full population and another
excluding all hospitalizations from high-frequency hospital users. Then, to
examine the extent to which variation at the ACO or patient level can be
explained by patient characteristics, we re-fit each model, including fixed
effects for 12 age/sex categories, morbidity, serious mental illness, sub-
stance use disorder, disability, the neighborhood stress score, and housing
problems®! (see Appendix S2). Analyses used the SAS package version
9.4 (SAS Institute, Cary, NC) and Stata software version 12 (Stata Corpo-
ration, College Station, TX).

3 | RESULTS

Among the 42 794 unique patients ever-hospitalized in 2016, only
3728 (8.7%) were high-frequency hospital users (Table 1). These
patients were more often male (77.1% vs. 50.0%; P < 0.001) and were
sicker (mean CMS-HCC morbidity score was 3.3 [standard

deviation = 2.2] vs. 1.9 [standard deviation = 1.5]; P < 0.001) than
others. They also had significant social risks: 33.1% with housing
problems, 44.1% disabled, 83.2% with serious mental illness, and
77.1% with substance abuse disorder (vs. 22.0%, 27.3%, 60.2%, and
50.0% for others, respectively [all P values <0.001]).

High-frequency hospital users contributed 30.2% of all hospitali-
zations (Table 2). The overall readmission rate was 22.1%: 50.7% for
the admissions of high-frequency users and 9.7% for those of low-
frequency users.

Table 3 shows that the relative readmission performance of ACOs
looked quite different, depending on whether hospitalizations of high-
frequency hospital users were included and/or readmission rates were
risk adjusted. For instance, excluding high-frequency users without
risk adjustment worsened the performance ranking of ACO A from
best (lowest rate) among 17 to 7th best, while it improved the rank of
ACO F from sixth to second best. Excluding hospitalizations of high-
frequency users with risk adjustment resulted in smaller differences in
performance ranking compared to no adjustment for most ACOs.
However, even with risk adjustment, removing high-frequency users
made a big difference for some ACOs. For instance, excluding hospi-
talizations of high-frequency users with risk adjustment worsened the
performance ranking of ACO B from 6th to 14th best, while it
improved the rank of ACO M from 13th to 7th best.

Table 4 shows the composition of variance in 30-day readmission
attributed to clustering at the patient- and ACO-levels: 34.99% of the
total variance in 30-day readmission was between patients; multiple hos-
pitalizations within one patient had more similar outcomes than for ran-
dom hospitalizations. However, this estimate dropped to only 9.84% after
excluding high-frequency users; that is, data from the high-frequency
users contributed most (71.88%) of the variance in 30-day readmission
due to nesting of hospitalizations within patients ([34.99-9.84]/34.99).
Furthermore, the proportion of variance explained by differences among
ACOs is very small compared to that attributed to the patient level (ICC
of 0.28% or less, either before or after excluding high-frequency users). In
either scenario, the ICC was always lower in adjusted models than in
unadjusted models. That is, risk adjusting 30-day readmission by consider-
ing patient characteristics decreases variability in this measure from
34.99% to 26.79%, making it more stable. However, even the detailed
risk adjustment that we used removed only a small part of the patient-

level variation in the “ALL patients” readmission measure.

4 | DISCUSSION

We found that the relatively few frequently hospitalized MassHealth
beneficiaries have an outsized effect on 30-day readmissions. These
beneficiaries are sicker than other patients, with significant mental ill-
ness, substance use disorders, and housing problems. We demon-
strated that an “ALL patients” readmission quality measure is highly
volatile compared to readmission for only low-frequency hospital
users and may substantially affect judgments about how some ACOs
perform on it. We also showed that even risk adjustment (for available
clinical and social factors) does not solve this problem with an “ALL
patients” readmission measure.
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A readmission quality measure, even when risk adjusted, could
put ACOs with socially and medically complex patients at risk for
unwarranted penalties.>>?2 Penalties driven largely by ACOs mem-
bers' disproportionate needs are unlikely to improve health quality
and equity. Other mechanisms, such as targeted incentive payments,
are likely needed to improve equity for complex patients and their
ACOs. More broadly, the value of a hospitalization-based readmission
measure for ACOs is not obvious. More benefit might be gained by
incentivizing reductions in a population-based measure like avoidable
hospitalizations, although such a measure may also be overly
influenced by high-frequency users. ACOs could work to identify
members at risk of being frequent hospital users, possibly based on
their number of hospitalizations in the prior year, and provide them
with individualized patient care plans, coordinated care, and better
discharge summaries to guide post-discharge care.?>2> Given the high
prevalence of mental illness, substance use disorders, and housing
problems among those frequently hospitalized, comprehensive social
programs might be particularly beneficial.>242”

This study does not test the properties of a specific alternative
30-day readmission measure. However, it raises new questions about
using readmissions to measure ACO quality. Excluding hospitalizations
of high-frequency users from 30-day readmission may be fairer and
more useful than a measure calculated on all patients, as it would
focus attention on patients for whom readmission is a more salient
outcome than numbers of hospitalizations. Several questions remain.
For one, it is not clear that 4 is the right cutoff to define a high-
frequency user, although sensitivity analyses with cutoffs 3 and
5 yielded qualitatively similar results (see Appendix S3). Also, it is not
clear if some form of weighting to reduce the undue influence of hos-
pitalizations from high users is a better way to address the problem
we identified. It is not satisfying to employ an after-the-fact rule to
eliminate data from a quality measure for people who had many hos-
pitalizations, rather than for those who appeared to need them. If the
experience of high-frequency users is removed from a readmission
measure, it would be important to retain and report information about
how many people and how many hospitalizations were thereby
removed. It is unclear whether a reliable additional measure, based
only on the experience of high-frequency users, could be constructed,
and what form it would take. Its goal would be to encourage excellent
care for the medically and socially complex members who dominate
the population of high-frequency users. However, again, it is
unsatisfying to have one more (or one less) hospitalization “bump” a
member's data from one measure denominator into another.

The unit of analysis for the 30-day readmission measure is the hos-
pital discharge or encounter. However, patients may receive care from
different providers in different settings, making it unclear which pro-
viders are responsible for a readmission.?®?° Moreover, whether a
patient is readmitted within 30 days of a discharge may matter less than
the overall quality of care involved in managing a specific disease,
improving quality of life, or avoiding mortality.*® An encounter-based
measure of 30-day readmission is of less obvious utility for judging a
health plan than for judging a hospital on its discharge policies. It is not

clear how (or even if) a readmission measure can be redesigned to align

with the shared accountability that quality measures seek to encourage
among doctors, hospitals, and other health care providers in an ACO. It
is sobering to observe how much more influence having disproportion-
ate numbers of high-frequency users has on readmissions than does
plan membership. On the contrary, a good measure should reduce as
much patient-level variability to the point that any residual health plan-
level variability may be more plausibly interpreted as a signal for health
plan quality. Our approach could be used to analyze the effect of high
users of healthcare on hospital readmissions and on other health quality
measures in other populations. For instance, in the Medicare popula-
tion, with beneficiaries older and sicker than Medicaid individuals in our
study, one might expect even greater opportunity for mistakenly attrib-
uting differences in hospital readmission rates to health plan quality
than to population characteristics.

We showed the ranking of ACOs based on point estimates of
readmission rates to draw attention to the fact that ACOs' perfor-
mance changed based on whether we risk adjusted and/or excluded
hospitalizations of high-frequency users. In actual practice, these
readmission point estimates are also subject to statistical uncertainty,
which CMS does not recognize in penalties and rewards.?! Although
it is beyond the scope of this study, we provide in the technical
appendix 95 confidence intervals around unadjusted, partially
adjusted, and fully adjusted readmission rates (see Appendix S4).

Our study has limitations. First, we could only account for a lim-
ited number of important risks not captured by diagnosis codes. For
example, we have no information on social supports, health literacy,
English proficiency, and functional status.*2"** However, while richer
data could better address health disparities and promote health
equity, they are not widely available. Second, to account for the effect
of clustering of hospitalizations at the patient- and ACO-level on
readmissions, we used a MassHealth algorithm to assign patients to
ACOs based on the primary care physicians they were seeing prior
to ACO launch. While our ACO attribution is realistic, it is not real.
Actual ACOs, especially over time, may be able to distinguish them-
selves more than what here appears to be a very modest plan effect.
Third, we have not studied the incremental effect of adding social risk
factors to the clinical risks that the MassHealth (HEDIS) measure cur-
rently adjusts for. Nonetheless, our study suggests that even compre-
hensive risk adjustment will not solve the problems with an all
readmissions measure applied to ACOs. Future research could provide
additional insights. Finally, our study included MassHealth members
only. It may not generalize to people with other kinds of insurance,
nor even to members of Medicaid plans in other states.

High-frequency hospital users have many medical morbidities and
significant psychiatric, substance use, and housing problems. Despite
their small numbers, they have a disproportionate effect on 30-day
readmission rates and—we hypothesize—on other utilization out-
comes. This negatively affects some Medicaid ACOs, and more
broadly is likely to adversely affect safety net hospitals.? The use of
such metrics should be reconsidered in this context.
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