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Abstract

Background: Super-utilizers with 4 or more admissions per year frequently receive low-quality care and
disproportionately contribute to healthcare costs. Inpatient care fragmentation (admission to multiple different
hospitals) in this population has not been well described.

Objective: To determine the prevalence of super-utilizers who receive fragmented care across different hospitals
and to describe associated risks, costs, and health outcomes.

Research design: We analyzed inpatient data from the Health Care Utilization Project’s State Inpatient and
Emergency Department database from 6 states from 2013. After identifying hospital super-utilizers, we stratified by
the number of different hospitals visited in a 1-year period. We determined how patient demographics, costs, and
outcomes varied by degree of fragmentation. We then examined how fragmentation would influence a hospital’s
ability to identify super-utilizers.

Subjects: Adult patients with 4 or more inpatient stays in 1 year.

Measures: Patient demographics, cost, 1-year hospital reported mortality, and probability that a single hospital
could correctly identify a patient as a super-utilizer.

Results: Of the 167,515 hospital super-utilizers, 97,404 (58.1%) visited more than 1 hospital in a 1-year period.
Fragmentation was more likely among younger, non-white, low-income, under-insured patients, in population-
dense areas. Patients with fragmentation were more likely to be admitted for chronic disease management,
psychiatric illness, and substance abuse. Inpatient fragmentation was associated with higher yearly costs and lower
likelihood of being identified as a super-utilizer.

Conclusions: Inpatient care fragmentation is common among super-utilizers, disproportionately affects vulnerable
populations. It is associated with high yearly costs and a decreased probability of correctly identifying super-utilizers.
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Introduction
Care fragmentation is defined as the dispersion of an
individual’s health care across systems and providers and
is ubiquitous in the U.S. healthcare system [1]. Fragmen-
tation is a major contributor to low-quality care, nega-
tive health outcomes, and high costs [2–4]. Previous
studies show that fragmentation is common in the
outpatient setting with nearly one third of Medicare
beneficiaries transitioning into a different health system
in a 1-year period [5]. Similarly, patients with commercial
insurance and chronic illnesses such as cardiovascular dis-
ease and diabetes receive lower-quality care, incur higher
costs, and have higher rates of preventable hospitalizations
when their care is fragmented [6].
Reducing unnecessary hospitalizations is an important

area of focus to provide higher-value care. Patients with a
high degree of hospital use, termed super-utilizers, are ad-
mitted 4 or more times over a 1-year period, incur higher
costs, and receive lower overall care quality [7]. Within
the Medicaid population, 5% of beneficiaries accumulate
upwards of 50% of total expenditures, with acute care
utilization driving much of the spending [8]. In addition to
having a high prevalence of multiple chronic medical
conditions, mental health diagnoses and substance abuse,
super-utilizers also disproportionately tend to be from ra-
cial minority groups, and have a large burden of unmet
social needs [9–13]. Targeted interventions, such as high-
intensity outpatient care, have been enacted to address the
needs of super-utilizers with mixed efficacy [14–17].
One unaddressed factor that could contribute to lower-

quality care, risk of readmission, and higher rates of
utilization within this population is fragmentation of in-
patient care. Our understanding of this problem is limited
because the majority of studies of fragmentation focus on
readmissions to other hospitals over a short period of time
[18]. Two studies have begun to explore this group using
single-state or urban regional data, and they demonstrate
that as many as 20% of hospital super-utilizers experience
some degree of fragmentation [19, 20]. A better under-
standing of inpatient care fragmentation is needed to
identify its impact on patient outcomes as well as to
design interventions that reduce gaps in care quality and
reduce costs. For example, inpatient care fragmentation
could mask an individual patient’s super-utilizer status
particularly in the absence of uniform inter-operability of
electronic health records. Additionally, when care is
received at disparate centers, effective care coordination
becomes more difficult. To explore the impact of inpatient
care fragmentation we aimed to establish its prevalence
within a multi-state sample of hospital super-utilizers. We
then describe the features of patients with highly fragmen-
ted inpatient care, illustrate its potential impact on out-
comes and cost, and compare strategies that may aid in
identifying this vulnerable population.

Methods
Database development and patient selection
We created a large administrative dataset for cross-
sectional analysis of the Health Care Utilization Project’s
(HCUP) State Inpatient and Emergency Department Data-
base for six states in 2013 (VT, NY, FL, IA, GA, and UT)
[21]. These data account for nearly 97% of each state’s
emergency department (ED) and inpatient encounters dur-
ing the study period. We selected these states based on the
presence of a unique patient identifier (VisitLink ID) in
both the inpatient and ED datasets which allowed for cap-
turing utilization across settings. We relied on a single year,
to prevent oversampling across multiple years. This study
was approved by the University of Minnesota Institutional
Review Board (Study #00005624) and was conducted in
accordance with both HCUP’s data use agreement and
internal standards.
Patients over the age of 18 were identified by VisitLink

ID, sex, and age. We only included hospital super-
utilizers, defined as four or more inpatient encounters in
a 1-year period [7]. To ensure the robustness of our
findings, we repeated all statistical analyses using the top
95th percentile of inpatient costs for each state as
another method of identifying super-utilizers. We excluded
all scheduled inpatient encounters, admissions for rehabili-
tation, and admissions for childbirth and labor. Inter-
hospital transfers were considered two separate admissions.
To ensure that did not substantially bias our findings, we
investigated the impact of compressing inter-hospital
transfers and same-day readmissions into one admission
both for purposes of identifying super-utilizers as well as
fragmentation.

Outcomes and measures
Fragmentation was measured as the number of different
acute hospitals to which an individual patient was admit-
ted over a 1-year period. In this case, we define inpatient
encounter as an unscheduled inpatient admission. We
extracted data for patients’ age, sex, race and primary
payer. Missing data for race and insurance were catego-
rized as “other.” Since primary payer could change over
the year, we present the per-encounter average as
opposed to per-individual. Patients were categorized by
income quartile and population density of the patient’s
home location. Because housing instability and the
process of losing or regaining insurance coverage might
affect care fragmentation, we classified patients as either
uninsured or homeless if that was coded at least once
during the year. Lastly, we compared fragmentation
groups for the ten most common admitting diagnoses
and the presence of comorbid chronic conditions de-
fined by the Agency for Healthcare Research and Quality
(AHRQ) [22]. In addition to comparing individual co-
morbidities, we also clustered patients by presence of
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three or more chronic medical comorbidities, psychiatric
illness, or substance abuse.
Outcome variables included measures of healthcare

utilization in terms of number of admissions, length of
stay, ED encounters and costs. We estimated cost by
normalizing total charges to all-payer cost-to-charge
ratio (CCR). If hospital-specific CCR was not available,
we used the weighted group average cost-to-charge ratio
[23]. We report demographic data for each group as a
number and percentage of a dichotomous variable, mean
and standard deviation for normally distributed continu-
ous variables, and median and Interquartile Range (IQR)
for skewed variables.

Statistical analyses
We took three statistical approaches to better understand
fragmentation among super-utilizers. First, we identified
how patient factors, costs, and diagnoses, varied among
patients with different degrees of inpatient fragmentation.
We used chi-square and one-way ANOVA where appro-
priate, adjusting for repeated measures using Bonferroni.
Next, to determine whether specific diagnoses were

associated with a greater degree of fragmentation, we per-
formed a multivariate Poisson regression with the number
of different hospitals encounters per year as the dependent
variable while adjusting for patient age, race, population
density and number of total inpatient encounters.
Finally, we conducted a final analysis to assess the abil-

ity of any single hospital to identify super-utilizers with
and without inpatient care fragmentation. We first de-
termined each individual hospital’s threshold for super-
utilization as defined by several approaches to detecting
super utilizers: top 5% of inpatient days, top 5% of yearly
cost, and more than three or more than four inpatient
admissions in one year (at a single hospital) [24–27]. We
then calculated the sensitivity of each approach to iden-
tify super-utilizers (identified from multihospital data)
who would have met any of these thresholds at a
particular hospital. We compared the sensitivity, specificity,
and C-statistic of each approach to identify super-utilizers,
stratified by whether they visited one or more than one
hospital.

Results
We identified 167,515 super-utilizers with four or more
inpatient visits in a 1-year period out of an initial cohort
of 3,619,297 patients. Of these, 97,404 (58.1%) were
admitted to more than 1 hospital, and 34,165 patients
(20.3%) were admitted to three or more different hospitals
in that year. Patient characteristics by group are
summarized in Table 1. Overall, patients with higher
inpatient fragmentation were younger and more likely
to be non-white, on Medicaid or uninsured, and liv-
ing in population-dense areas in more impoverished

neighborhoods; they were also more likely to be de-
noted uninsured or homeless at least once during the
year. All of these associations were dose-dependent,
such that the greater the fragmentation, the more
likely patients were to have been homeless, uninsured,
or from urban areas with a lower income bracket.
Inpatient hospital utilization is summarized in Table 2.

Patients with a higher degree of fragmentation were more
likely to be discharged home without home health care or
to transitional care and more likely to leave against med-
ical advice. A higher rate of fragmentation was associated
with lower hospital-reported mortality. Readmissions to
other hospitals were more common with higher degrees
of fragmentation. However, readmissions to other hospi-
tals accounted for only 19.9% of encounters in patients
with any degree fragmentation. Patients with higher rates
of fragmentation were associated with higher yearly costs.
The increase in cost was driven by higher admission rates
(Supplemental Figure 2) as per-encounter cost and length
of stay were actually lower among patients with higher
fragmentation (Table 2). Patients also differed by admit-
ting diagnoses. Super-utilizers who visited one or two
hospitals were most commonly admitted for acute illness
and acute exacerbations of chronic disease. In contrast,
patients visiting three or more hospitals were most likely
to be admitted for management of chronic illness, psychi-
atric disease, or substance abuse (Table 3).
We performed a multivariate analysis to determine

what degree fragmentation related to chronic comorbidities
when adjusting for patient demographics and number of
encounters. Psychosis, drug and alcohol abuse, neurological
disorders, obesity, and acquired immunodeficiency syn-
drome (AIDS). Conversely, lymphoma, metastatic cancer,
renal failure or congestive heart failure (CHF) were associ-
ated with a lower degree of fragmentation (Supplemental
Digital Content). Similarly, a greater degree of fragmenta-
tion was associated with lower rates of multiple med-
ical comorbidities, and significantly higher rates of
substance abuse and psychiatric illness (Supplemental
Digital Content).
We investigated how inter-hospital transfers affected

the rate of hospital fragmentation. While inter-hospital
transfer rates were higher on average among patients
with inpatient fragmentation, treating a transfer as a
single hospital stay, as opposed to two separate stays re-
duced the measurement of fragmentation in only 2.9%
of patients (Supplemental Digital Content). This was due
to the fact that a majority of patients had additional en-
counters at both the referring and receiving hospital.
Treating an inter-hospital transfer as a single stay at
either sending or receiving hospital did not change any
conclusion drawn in this study.
Finally, we compared four common methods of identi-

fying super-utilizers from a single-hospital perspective:
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three or more inpatient stays, four or more inpatient
stays, top 5% in yearly inpatient days, top 5% in yearly
cost (Table 4). Relying solely on single-hospital data,
using four or more hospitalizations (at a single hospital)
as a threshold was 62.85% sensitive; this is compared to

a sensitivity of 71.34% using top 5th percentile of yearly
inpatient days; and 54.3% using top 5th percentile of
yearly cost (Supplemental Digital Content). Sensitivity of
an individual hospital’s ability to detect super-utilizers
with fragmented care followed a U shape, with patients

Table 3 Differences in admitting diagnosis stratified by degree of inpatient fragmentation. Top ten most common admitting
diagnoses per encounter. Blue (acute illness), Red (acute exacerbation of chronic illness, including psychiatric disease), Green
(Substance use disorders)
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who visited 3,4, and 5 hospitals the least likely to be
identified (Fig. 1). The ability of different measures to
correctly identify super-utilizers when relying on single
hospital data is outlined in Table 3. Overall performance
of these measures showed fair to good prediction, but all
measures performed more poorly among patients who
visited multiple hospitals.
Finally, given a mechanical relationship between num-

ber of encounters and number of hospitals, we repeated
all analyses using an additional definition of super-utilizer:
yearly cost above the 95th percentile for each state. Using
this definition, associations between fragmentation and
patient demographics, diagnoses, and detection rates were
similar. Overall, yearly length of stay greater than the 95th
percentile at an individual hospital showed the best
prediction independent of super-utilizer definition and
was the least dependent on degree of fragmentation.

Discussion
In this cross-sectional multistate study, we assessed the
prevalence and impact of inpatient care fragmentation
among a group of inpatient super-utilizers. Over one half
of super-utilizers in our sample experienced a degree of

inpatient care fragmentation with over one fifth visiting 3
or more different hospitals in one year. In addition to
having higher overall costs, patients with fragmented in-
patient care were more likely to be non-white, uninsured
or underinsured, and to have been homeless at some point
during the year. They were also far less likely to be recog-
nized as super-utilizers by multiple methods. We make
several contributions to the literature.
First, while a majority of the study of inter-hospital

fragmentation has focused on readmissions to other hos-
pitals, we show that that is just the tip of the iceberg
[18]. We find that a majority of readmissions to other
hospitals occur in patients who use multiple hospitals
beyond a 30-day window. Additionally, readmissions to
the same hospital capture only a small percentage of
total healthcare utilization among patients with a high
degree of fragmentation. Thus, the impact of inter-
hospital fragmentation is likely to be far broader than
commonly reported.
Second, we highlight the high degree of heterogeneity

in demographics, diagnostic make-up, and hospital use
patterns of super-utilizers [28]. High utilization may be
driven by disease severity and complexity for which

Table 4 Individual hospitals ability to accurately capture super-utilizers. C-statistics with 95% Confidence interval based on an
individual patient’s maximum use at a single hospital

One Hospital 2 or More Hospitals Total

3 or more encounters 0.968 (0.967 to 0.968) 0.746 (0.745 to 0.749) 0.911 (0.910 to 0.912)

4 or more encounters 1.0 (Reference) 0.681 (0.679 to 0.682) 0.814 (0.813 to 0.815)

Length of Stay > 95 percentile 0.875 (0.874 to 0.877) 0.737 (0.735 to 0.738) 0.820 (0.819 to 0.821)

Yearly Cost > 95 percentile 0.788 (0.786 to 0.790) 0.667 (0.666 to 0.669) 0.738 (0.737 to 0.739)

Fig. 1 Proportion of patients identified as super-utilizers using single hospital data: Comparing 4 different single hospital methods to detect
super-utilizers: 3 and 4 or more inpatient encounters, and top 5th percentile for either inpatient days and inpatient cost. We determined the
likelihood that a single hospital would correctly identify a patient as a super-utilizer in the absence of data sharing

Kaltenborn et al. BMC Health Services Research          (2021) 21:338 Page 7 of 10



high-intensity, hospital-based care may improve survival,
such as in heart failure [29]. In other cases, high readmis-
sion rates may be driven by insufficient preventative care,
psychiatric care, housing, or addiction treatment. Stratify-
ing by the degree of fragmentation separated patients with
differing diagnostic make-up warranting different subspe-
cialty care needs such as behavioral health. Our data
suggest that a one-size-fits-all super-utilizer program will
not be effective in fully addressing the underlying drivers
of unnecessary hospital use.
Third, our study shows that identifying super-utilizers

with fragmented care is challenging for individual hospi-
tals. A patient may not meet a given institution’s threshold
for being a super-utilizer if their inpatient encounters are
spread across multiple hospitals. Within a single hospital,
the highest performing approach for identifying super-
utilizers across varying degrees of fragmentation was by
using the top 5th percentile of yearly length of stay. How-
ever, this still only had a sensitivity of 0.71.
High-quality care coordination is an important aspect

of addressing costs associated with the complex and vul-
nerable patient populations that define super-utilizers
[30]. The combination of multiple disparate admission
diagnoses from chronic medical conditions to substance
abuse, along with the information gap caused by the lack
of hospital electronic health record interoperability,
creates a unique challenge for individual health systems
to both identify at-risk patients and develop solutions to
improve the care of high-utilizing patients. Due to infor-
mation loss, hospitals may de-emphasize outpatient
behavioral health, addiction treatment, and complex
medical care. Given the lower risk of death of this popu-
lation, and higher rates of admissions related to chronic
illness, patients with highly fragmented care may benefit
to a greater degree from high-intensity outpatient care
with supports tailored to individual needs.
Directly assessing gaps in information such as en-

gaging patients about fragmentation, integrating health
information exchange data into routine practice, coord-
inating with regional departments of health and payers,
and establishing regional data sharing agreements are
necessary steps in developing successful super-utilizer
programs. Without this approach, the needs of this
vulnerable population will not be fully realized, and
socioeconomic and racial disparities in care will persist.
Overcoming information gaps among patients with a
high degree of fragmentation is one mechanism by
which health information technology may reduce racial
and socioeconomic health disparities.
Our study has several limitations. First, we cannot

separate the care of the patient inherent to the patient’s
disease from the effect of inter-hospital fragmentation.
This is particularly important given the socioeconomic
and psychiatric risk factors that exist in this population.

Additionally, while our data is designed to capture the
care a patient received in the hospital setting, it does not
establish the degree of care coordination or fragmentation
that occurs outside the hospital, nor can we follow pa-
tients beyond a single calendar year. As this study is based
on a large administrative dataset, results are subject to un-
adjusted confounders. Moreover, while statistically signifi-
cant associations between diagnoses and fragmentation
were observed, they may not be clinically meaningful or
observable outside large populations. To address these
challenges, clinical studies focused on identifying causative
factors and interventions to reduce fragmentation are
needed. Finally, this study suggests that data sharing
through regional health information exchanges would be
beneficial in capturing inpatient care fragmentation; how-
ever, specifically characterizing the effect of health infor-
mation exchanges on utilization of high utilizers remains
an important future direction [31, 32].

Conclusions
To conclude, this study takes an important step by estab-
lishing that there is a significant and under-recognized
population of super-utilizers who experience inpatient care
fragmentation. We observed a strong association between
socioeconomic risk factors, diagnostic make-up, and degree
of fragmentation. Fragmentation also created a barrier for
individual hospitals to accurately identify this subset of the
super-utilizer population. Addressing inpatient care frag-
mentation among super-utilizers has the potential to im-
prove patient outcomes and overall health equity.
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