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Abstract
Statement of Problem: Inpatient (IP) readmissions within 30-days of discharge from an index
hospitalization are prevalent, costly, and propagate risks associated with transitions from various
healthcare settings for older adults. The Centers for Medicare and Medicaid Services (CMS) implemented
the Hospital Readmissions Reduction Program (HRRP) in 2012 to track excess all-cause readmissions for
three target conditions. Identifying readmissions that are potentially preventable may advance efforts to
mitigate risk. Post-acute care (PAC) services use has increased in an effort to lower readmission rates
but Medicare costs are escalating. PAC referrals are not based on standardized processes; clinical
decision support (CDS) may aid clinicians to make appropriate referrals.
Methods: Review of the literature of factors associated with IP readmission for target conditions by
various readmission types; two secondary data analyses separately examine the impact of hospital
discharge disposition, and a PAC referral CDS algorithm on acute health utilization (IP readmission plus
emergency department (ED)/observational unit (OBS) returns) within 30 days of hospital discharge.
Results: Most literature examining readmission risk for target conditions, analyzed administrative data
collected before 2010 for all-cause readmissions therefore it was not possible to examine by HRRP
implementation or across various readmission definitions. Significant patient- and organizational-level
factors were associated with readmission risk, but PAC services use for target conditions was not widely
studied. After secondary data analyses, patients discharged to a PAC facility returned for IP readmission
sooner especially within 24 hours of hospital discharge. These patients were younger, had greater
functional decline, and heightened fall risk. Return ED/OBS use was highest in home healthcare (HHC)
patients particularly five-to-seven days post-hospitalization. Those patients who went home but were
flagged by the CDS algorithm as in need of PAC services had a 67.8 percent higher risk for IP readmission
and a 73.8 higher risk of return ED/OBS use.
Conclusions: Some readmission risk factors e.g., functional decline, cardiac arrest history are not found in
administrative data and may prove useful in predicting readmission risk. Improvements in transitions
from hospital to PAC settings would be facilitated by CDS tools aimed at assessing discharge readiness
and appropriate PAC referral match.
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ABSTRACT
EXAMINING FACTORS ASSOCIATED WITH EARLY, POST-DISCHARGE,
ACUTE HEALTHCARE UTILIZATION IN OLDER ADULTS
Susan K. Keim
Kathryn H. Bowles
Statement of Problem: Inpatient (IP) readmissions within 30-days of discharge from an
index hospitalization are prevalent, costly, and propagate risks associated with transitions
from various healthcare settings for older adults. The Centers for Medicare and Medicaid
Services (CMS) implemented the Hospital Readmissions Reduction Program (HRRP) in
2012 to track excess all-cause readmissions for three target conditions. Identifying
readmissions that are potentially preventable may advance efforts to mitigate risk. Postacute care (PAC) services use has increased in an effort to lower readmission rates but
Medicare costs are escalating. PAC referrals are not based on standardized processes;
clinical decision support (CDS) may aid clinicians to make appropriate referrals.
Methods: Review of the literature of factors associated with IP readmission for target
conditions by various readmission types; two secondary data analyses separately examine
the impact of hospital discharge disposition, and a PAC referral CDS algorithm on acute
health utilization (IP readmission plus emergency department (ED)/observational unit
(OBS) returns) within 30 days of hospital discharge.
Results: Most literature examining readmission risk for target conditions, analyzed
administrative data collected before 2010 for all-cause readmissions therefore it was not
possible to examine by HRRP implementation or across various readmission definitions.
Significant patient- and organizational-level factors were associated with readmission
v

risk, but PAC services use for target conditions was not widely studied. After secondary
data analyses, patients discharged to a PAC facility returned for IP readmission sooner
especially within 24 hours of hospital discharge. These patients were younger, had
greater functional decline, and heightened fall risk. Return ED/OBS use was highest in
home healthcare (HHC) patients particularly five-to-seven days post-hospitalization.
Those patients who went home but were flagged by the CDS algorithm as in need of PAC
services had a 67.8 percent higher risk for IP readmission and a 73.8 higher risk of return
ED/OBS use.
Conclusions: Some readmission risk factors e.g., functional decline, cardiac arrest history
are not found in administrative data and may prove useful in predicting readmission risk.
Improvements in transitions from hospital to PAC settings would be facilitated by CDS
tools aimed at assessing discharge readiness and appropriate PAC referral match.
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CHAPTER 1: INTRODUCTION
The aging of the United States (U.S.) population will have a profound impact on
healthcare utilization and Medicare spending. According to the most recent U.S. Census,
the number of older adults aged 65 and older is projected to be 88.5 million by 2050,
more than double the 2010 projections of 40.2 million.1 Furthermore, between 2000 and
2010, the older adult population grew 15.1 percent while the total U.S. population grew
less than 10 percent,2 and by 2030 nearly one in five U.S. residents will be aged 65 and
older.1 A rapid growth in Medicare enrollment began in 2011 and will continue through
2030 when all of those in the “baby boom” generation will reach age 65, hence eligible
for benefits.3 According to the Medicare Payment Advisory Commission (MedPAC),
Medicare enrollment is projected to increase by more than 50 percent from 54 million
beneficiaries in 2015, to more than 80 million in 2030.3 Due in part to this anticipated
surge in enrollment, the Congressional Budget Office projects that Medicare spending
will outpace the average annual rise of the gross domestic product (GDP), increasing by
an average of seven percent per year equating to over $1 trillion in Medicare expenditures
by 2027.4
Older adults utilize the greatest amount of healthcare resources resulting in three
to five times higher associated costs for those over 65 versus those younger in age.5
Mostly due to more chronic conditions, older adults utilize expensive specialist care more
frequently than primary care.6 Although projected to be healthier than previous
generations, “baby boomers” have comparatively higher rates of obesity and diabetes.4,7,8
They are also hospitalized more often than any other age group; in 2015, 37 percent of all
1

inpatient (IP) admissions of at least 24 hours in length, were for those 65 years and
older.9 Furthermore, the Medicare Fee-For-Service Program paid 4,700 hospitals $178
billion for approximately 10 million inpatient stays, representing a $2 billion increase
from 2014, largely due to slight increases in prices, patient severity, and inpatient
volume.10 Although spending is increasingly shifting to services outside of acute care, IP
hospital claims still encompass the greatest sector of Medicare expenditures and have
risen by 11 percent from 2005 to 2014.3 Inpatient admissions are also difficult for older
adults in other ways. Once hospitalized, older adults are at increased risk for impaired
functional status,11 reduced quality of life,12 and accelerated cognitive decline13 with a
resultant shorter life span.14,15
Emergency department (ED) utilization also contributes to both financial and
personal costs for older adults. Thirty-six percent of all patients aged 65 and older had an
ED visit for illness between 2012-2013, and an additional 12 percent for injury; these
rates further increase to 57 percent and 25 percent respectively for adults aged 85 and
over.16 Older adults are also at high risk of poor health outcomes after an ED visit;
approximately five percent of older adults die within three months after an ED visit, and
20 percent will experience a return ED visit.17-19 Moreover, at least 32 percent of older
adults who present to the ED are subsequently admitted to the hospital,16 suggesting the
ED also serves as a portal for more expensive healthcare utilization for this population.
Several studies have also reported increased utilization of short-term hospital
observation (OBS) stays among Medicare beneficiaries.20-22 The ratio of OBS stays to IP
admissions increased 34 percent, from an average of 86.9 OBS stays per 1,000 IP
2

admissions per month in 2007, to 116.6 in 2009.20 Furthermore, between 2010-2014,
OBS stays per beneficiary increased at a steady rate of eight percent per year while IP
volume decreased three percent annually.4 Considered a midway point between the ED
and IP care, the Centers for Medicare and Medicaid Services (CMS) defines observation
services as a “set of specific, clinically appropriate services, which include ongoing shortterm treatment, assessment, and reassessment that are furnished while a decision is being
made regarding whether patients will require further treatment as hospital inpatients or if
they are able to be discharged from the hospital.”23 Approximately 78 percent of OBS
stays are preceded by an ED visit,24 and although beneficial for preventing unnecessary
and costly IP admissions, OBS stays can also have unintended consequences for older
adults. Beneficiaries are billed at lower outpatient rates and consequently assume greater
out-of-pocket co-insurance costs, not applicable if they were actually admitted for an IP
stay.25 OBS stays also often lead to IP admissions; in 2014, Medicare beneficiaries had
approximately 2.9 million OBS stays with about one third of these subsequently leading
to IP admissions.26
Furthermore, days in OBS care do not currently count toward the 3-day IP stay
requirement that qualifies a beneficiary for skilled nursing facility (SNF) care.27 Often
patients are unaware of the difference between an IP admission versus an OBS stay and if
recommended for post-discharge SNF services, many either have to decline services or
incur more out-of-pocket costs.28 Patients with longer OBS stays are more often
discharged to a SNF,28 which may have been covered by Medicare had the hospital stay
been coded as an IP readmision. The average OBS length of stay (LOS) steadily rose
3

from 25.6 hours in 2006 to 28.0 hours in 2014, and 11 percent were for 48 hours.26
Contemporaneously, one-day IP discharge rates declined by 36 percent from 2006 to
2014,26 perhaps reflecting the impact of OBS stays. In other words, beneficiaries are
being served in hospitals just as often as they were before, but these stays are classified
differently.
In an attempt to curtail longer OBS stays, CMS implemented a “2-midnight rule”
in 2014, classifying any hospitalization less than two midnights as an OBS stay, and
those longer than two midnights as an IP admission.29 Between 2014-2015, OBS
utilization increased at a relatively lower rate of two percent while IP admissions lasting
two days increased by 3.5 percent.4 This suggests that although hospitalizations
previously classified as OBS stays shifted to IP admissions after the “2-midnight rule,”
overall acute healthcare utilization is still increasing.
While any utilization of expensive hospital-based acute care services could be
scrutinized for opportunities to reduce costs, CMS particularly targeted those IP
admissions occurring early in the post-discharge period after an index hospitalization.
With the inception of the CMS Hospital Readmissions Reduction Program (HRRP) Final
Rule in 2012,30 efforts have focused on reducing all-cause 30-day IP readmissions for
certain high-volume conditions. Many elements impact IP readmission risk including,
but not limited to, specific patient-level characteristics, health system organizational
factors, changes in health policy and hospital reimbursements, and the use of various
services rendered in the post-acute care (PAC) period. This dissertation examines factors
associated with IP readmissions across changes in Medicare reimbursement, and the
4

extent to which the need for PAC services potentially contributes to not only IP
readmission but also ED/OBS utilization within 30-days post-hospitalization.
Background and Significance
Post-discharge Acute Healthcare Utilization in Older Adults
For the purposes of this dissertation, post-discharge acute healthcare utilization is
defined as any unplanned IP readmission, or return ED/OBS utilization within 30-days of
discharge from an index hospitalization. Each are separately significant, and collectively
contributory, to a comprehensive understanding of the factors that place older adults at
risk for acute healthcare utilization during the PAC period.
Inpatient Readmissions
Inpatient readmissions continue to be costly, occur frequently, and are particularly
hazardous for older adults. In 2015, readmission rates for high-volume conditions
targeted by CMS within 30 days of discharge from an index hospitalization, averaged
17.8 percent,31 equating to at least $15 billion of Medicare spending.32 While this is an
improvement from readmission rates of 19.6 percent, and associated costs of $17.4
billion reported by Jencks and colleagues after an analysis of 2003-2004 Medicare
Provider Analysis and Review (MEDPAR) file data,33 there remain concerns that many
are potentially preventable.34 It is estimated that approximately 27 percent of
readmissions among all older adults are considered preventable.35 CMS defines
potentially preventable readmissions (PPRs) as those that could have been averted with
the provision of high quality hospital care, or adequate discharge planning and postdischarge care coordination.36 For example, arguably due to lapses in hospital quality,
5

older adults may be readmitted for hospital-acquired infections or sequela from medical
errors, contributing to further demise in their already compromised health status.37,38
Inpatient readmissions are perilous for older adults in other ways. Transitions in
care delivery i.e., hospital discharge to outpatient care, often result in mistakes in
healthcare provision39 e.g., medication discrepancies,40 and serious unmet care needs,41
placing older adults at further risk for PPRs. Since nearly 13 percent of Medicare
beneficiaries experience three or more healthcare provider transfers within just 30 days of
discharge,42 they are at an even higher risk for fragmentation in care delivery particularly
after transitions from various healthcare settings.43
From a 2011 systematic review performed by Hansen and colleagues, only three
large randomized control trials (RCTS),44-46 have demonstrated significant reductions in
IP readmissions utilizing multimodal interventions.47 In addition to other components,
these various approaches all utilized transitional care personnel i.e., advanced practice
nurses or nurse coaches who coordinated care from the IP to the post-discharge setting,
comprehensive discharge planning, and follow-up telephone calls.48 A more recent
review also concluded that no single intervention but rather multi-component
interventions are more effective in reducing IP readmission rates.49 Unfortunately, many
hospitals are not implementing recommended strategies that have been shown to be
associated with lower IP readmission rates.50 More evidence is needed to fully
understand the factors associated with IP readmission to inform continuing efforts to
mitigate IP readmission risk, and improve care transitions.

6

Return Emergency Department Visits
Return ED visits are not uncommon for Medicare beneficiaries and can further
complicate care coordination after hospital discharge. Vashi and colleagues found that
ED visits within 30 days of hospital discharge occur at a rate of 92.0 ED visits/1000
discharges (95% CI, 91.6-92.5) for patients with Medicare coverage.51 Moreover, these
older adults were more likely to be admitted (196.9 readmissions/1000 discharges [95%
CI, 196.3-197.5]) as compared to those without Medicare coverage (110.6
readmissions/1000 discharges [95% CI, 110.2-111.0]).51 Feigenbaum and colleagues
found that 64 percent of patients who were subsequently readmitted, went to the ED for a
worsening condition without even contacting their primary care provider in advance,
largely because they had difficulty getting in touch with them.52 Another study reported
that in 2014, at least 71 percent of all Medicare IP admissions originated from the ED,26
emphasizing the importance of examining return ED visits in order to reduce ensuing
acute healthcare utilization.
Furthermore, 30-day return ED visits not resulting in IP readmission account for
40 percent of post-discharge acute healthcare utilization.53 Even if 30-day return ED
visits do not result in IP readmission, they may reflect suboptimal care transitions.
Following ED discharge, there is a greater likelihood of fragmented care consequently
contributing to replication of services, contradictory care recommendations, risk for
medication errors, and resultant patient distress.54 Improving discharge planning
processes, and care coordination, should focus not only on decreasing IP readmissions
but also on return ED visits.
7

Return Short-term Observational Stays
The evidence regarding the impact of post-discharge return OBS stays on IP
readmissions is incongruent. One American Association of Retired Persons (AARP)
analysis of Medicare data revealed that the top 10 percent of hospitals with the largest
drop in readmission rates between 2011 and 2012 concurrently increased their 30-day
OBS visits for Medicare patients by almost 25 percent.55 These increased OBS stays can
result from cost shifting rather than IP readmission reduction.20 Other studies reported
little or no association between increases in return OBS use and declines in IP
readmission,53 and concluded that hospitals with greater reductions in readmission rates
were no more likely to increase their OBS use than other hospitals.31 This conflicting
evidence supports the need to include the examination of this type of post-discharge care
in order to gain a full understanding of return acute healthcare utilization.
Hospital Readmission Reduction Program
As a provision of the Patient Protection and Affordable Care Act (ACA), CMS
implemented the Medicare HRRP in 2012, to incentize hospitals to reduce IP
readmissions.56 In 2013, CMS initiated reimbursement penalties for excess readmissions
for three high volume conditions e.g., acute myocardial infarction (AMI), heart failure
(HF), and pneumonia (PN), based on historical hospital performance from July, 2008 –
June, 2011.33 Readmission rates for these conditions decreased between one and three
percent in 2012,26,57 suggesting that hospitals began implementing readmission reduction
strategies prior to CMS penalization as the HRRP was enacted in 2010, and performance
monitoring was retroactive to 2008. Furthermore, readmission rates for both target and
8

nontarget conditions began to fall faster in April 2010, with the enactment of the HRRP
than before.58 Readmission rates have continued to decline from October 2012 through
May 2015, albeit at a slower rate.58
Since 2015, additional conditions are now subject to reimbursement penalities
namely, chronic obstructive pulmonary disease (COPD), elective hip or knee
replacement, coronary artery bypass graft (CABG) surgery, and expanded PN diagnoses
i.e., aspiration type.56 Also, planned readmissions e.g., scheduled CABG surgery, have
been exluded from excess readmission calculations. Mostly due to these additional
conditions, Medicare penalties levied on hospitals for readmissions will total $528
million in 2017, $108 million more than in 2016.57 CMS caps reimbursement penalities
at three percent of a hospital’s Medicare inpatient payments.57 Despite improvements in
national readmission rates, the portion of eligible hospitals receiving penalities has
remained steady at approximately 78 percent over the past three years, with most
Medicare beneficiaries receiving care in hospitals that receive penalities of less than one
percent.57 Rather than using a fixed readmission rate, CMS assesses penalties based on a
moving average hospital performance target, resulting in a certain percentage of hospitals
always subject to penalty. Proponents of this approach contest that the HRRP has effected
improvements in performance, and fear that establishing a fixed target would deter
hospitals from keeping up with the improving average readmission rate for each of the
conditions.57

9

Impact of Post-Acute Care Services
Older adult patients are often referred for post-acute care (PAC) services to
improve patient outcomes i.e., mobility, and to prevent 30-day hospital inpatient (IP)
readmissions. PAC services include care rendered from home healthcare (HHC)
agencies, and those provided within facilities i.e., skilled nursing facilities (SNF) and
inpatient rehabilitation facilities (IRF). Hospital discharges to PAC facilities rose nearly
50 percent from 1996 to 2010 equating to a total of 1.2 million more PAC admissions.59
During this same timeframe, hospital LOS progressively decreased for these patients
demonstrating how time spent in acute care, is shifting to PAC settings.59
Doubling since 2001, PAC expenditures comprise the fastest growing share of
Medicare spending, and are now targeted for cost containment by CMS through efforts
such as hospital Value-Based Purchasing programs,60 and Bundled Payment for Care
Improvement (BPCI) initiatives.61,62 There is widespread geographic variation in PAC
spending; while spending varied 22 percent for IP stays, it varied 200 percent for PAC
services.63,64 In general, services provided in facilities are more expensive than those
delivered in the home. Approximately 50 percent of PAC services were provided in
SNFs in 2015 but accounted for more than 1.5 times the associated costs attributed to
HHC spending.65 Furthermore, patients who are initially treated in one PAC facility are
frequently referred for additional PAC services after discharge from the facility. For
example, from 2008 to 2013, the number of SNF patients referred for HHC services after
facility discharge increased by 13.6 percent.65

10

Although various studies have demonstrated that hospitals can successfully lower
their number of readmissions by improving care coordination across settings, 44,66,67 the
extent to which different types of PAC services are associated with lower IP readmissions
is not widely understood. CMS reports unexpected hospitalizations (not specifically
readmissions) after the initiation of HHC services, as declining slightly from 27.7 percent
in 2004 to 25.4 percent in 2015.3 However, an analysis of CMS Home Health Compare
data from 2011 to 2015, reported no significant improvement in hospitalization rates,68
suggesting that improvements have not been exponential. Recently, CMS added two 30day hospital readmission-related indicators (IP readmission and return ED use) to the
Home Health Compare dataset, which are categorized as “better than expected, same as
expected, or worse than expected;”69 however, it is difficult to meaningfully interpret
these indices as reported.
Hospital readmissions from SNFs occur frequently, are costly, and vary
considerably across facilities. From 2000 to 2006, the rate of SNF IP readmissions grew
by 29 percent, and by 2006, approximately 24 percent of all Medicare beneficiaries in a
SNF were readmitted within 30-days at a total annual cost of $4.34 billion.70 After an
analysis of 2009 Medicare Current Beneficiary Survey linked with claims data, Burke
and colleagues found that 22.8 percent had a 30-day readmission after a SNF stay.71
Most SNFs are located in a particular section of a nursing home designated for short-term
intensive therapy or rehabilitative services.72,73 Less than one-third of residents have
been in nursing homes for greater than 90 days demonstrating that more short-term SNF
care is being provided in these settings.72 Moreover, in 2011, 25 percent of nursing
11

homes had risk-adjusted IP readmission rates of at least 23 percent for five potentially
avoidable conditions, while another 25 percent had rates below 15 percent, illustrating the
variability in quality of care in PAC facilities.74 Further understanding of not only the
different rates, but timing of post-discharge acute healthcare utilization by patients in
different discharge settings, is essential to inform continued efforts to reduce preventable
IP readmissions, and return ED or OBS use.
Approach/Innovation
This three-paper dissertation commences with an integrative literature review of
factors associated with early IP readmissions for high-volume conditions (AMI, HF, PN)
in older adults (Chapter 2: Paper 1). Additionally, “early readmission,” defined as those
unplanned within 30 days of discharge from an index hospitalization, is examined and
categorized by various definitions i.e., all-cause, same-or-related cause, and those
potentially preventable in nature. Trends will be observed pre- and post- the HRRP Final
Rule in 2012 ; the search period of 2007 through 2017 provides a ten year span review of
the literature five years prior to, and five years following this ruling.
The remaining two papers consist of separate secondary analyses utilizing data
collected during the control phase of a multi-center study (NR01007674) aimed at
measuring the effectiveness of the validated Discharge Referral Expert System for Care
Transitions (DIRECT) clinical decision support (CDS) algorithm75 on PAC referrals and
patient outcomes. Both papers extend beyond IP readmissions and utilize post-discharge
acute healthcare utilization (defined as 30-day IP readmissions, ED or OBS visits) as the
outcome of interest. The first of these two papers examines patient characteristics
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associated with 30-day post-discharge acute healthcare utilization, as well as time-toutilization, by discharge disposition location e.g., home without services, HHC services,
or at the facility-level. Lastly, paper three examines a cohort of patients who were
discharged home without PAC referral, and compares patient characteristics and acute
health utilization rates in those flagged for referral need with those not flagged by the
DIRECT CDS algorithm.
The combination of an integrative review of the literature with two data analyses
aims to provide a fuller understanding of 30-day post-discharge acute healthcare
utilization. The literature review is particularly innovative as it is the first known study to
examine factors associated with IP readmission for high volume conditions in older
adults, by both readmission type and pre/post the HRRP final rule. This analysis aims to
uncover whether factors associated with early IP readmission, pre-HRRP
implementation, are the same or different than post-HRRP for these older adults. Trends,
patterns, and gaps in the literature will be identified to guide continuing efforts to
decrease potentially preventable readmissions for older adults who are the most at-risk.
Chapter Aims
The dissertation specific aims are:
1. Examine the patient- and organizational/systems-level factors associated with
early, unplanned inpatient readmissions for high-volume conditions (AMI, HF,
PN) in older adults by various definitions of readmissions pre- and post- the
Medicare Hospital Readmissions Reduction Program Final Rule (Chapter 2:
Paper 1).
2. In a cohort of older adult inpatients, examine differences in patient characteristics
and time-to-post-discharge acute healthcare utilization by hospital discharge
disposition (Chapter 3: Paper 2).
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3. In patients discharged without hospital PAC referral, compare the patient
characteristics of those flagged versus those not flagged by the DIRECT
algorithm for PAC services (Chapter 4: Paper 3).
4. In patients discharged without hospital PAC referral, compare the rate of 30-day
acute healthcare utilization in those flagged versus not flagged by the DIRECT
algorithm for PAC services (Chapter 4: Paper 3).
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CHAPTER 2: PAPER 1 SYSTEMATIC REVIEW
FACTORS ASSOCIATED WITH EARLY INPATIENT READMISSIONS FOR
HIGH-VOLUME CONDITIONS IN OLDER ADULTS:
AN INTEGRATIVE REVIEW OF THE LITERATURE PRE- AND POSTHOSPITAL READMISSION REDUCTION PROGRAM
Abstract
Objective: Compare patient- and organizational-level factors associated with various
definitions of 30-day readmissions for target conditions (acute myocardial infarction
(AMI), heart failure (HF), pneumonia (PN)), pre- and post- the Medicare Hospital
Readmission Reduction Program (HRRP) first Final Rule in 2012.
Methods: Integrative review of the literature between 2007 and 2017.
Results: Thirty-two articles were selected; the majority of studies examined all-cause
readmissions utilizing administrative claims data preceding 2010. Most literature
focused on organizational factors i.e., hospital characteristics, quality and availability of
services; there were little data on post-acute care (PAC) services except for primary care
provider follow-up appointments. Patient factors centered on race/ethnicity, clinical
factors or comorbidities. Risk for readmission for all target conditions was reported
highest between days two-to-five post-discharge, and over 50 percent of readmissions
occurred within 15 days.
Discussion: Due to findings from data acquired prior to 2012, and a focus on all-cause
readmission types, it was not possible to examine factors associated with readmission
trends across the HRRP 2012 Final Rule for these target conditions. Analysis of
organizational factors focused on acute care settings; further research should include
factors associated with readmission risk from PAC settings. Key clinical indicators i.e.,
functional decline, could prove useful in informing future risk prediction models.
Conclusion: Since readmission risk is still highest closer to index discharge, efforts
focused on studying transitions in care to all PAC settings is essential. Future research
should include more clinical data and input from patients/caregivers and providers to gain
a wider understanding of readmission risk for these target conditions.
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Introduction
It is now well-known that inpatient (IP) readmissions among Medicare
beneficiaries are prevalent and expensive. Medicare-insured patients comprise 56
percent of all IP readmissions,76 especially if they have more chronic conditions.77 In
2013, approximately 37 percent of total Medicare expenditures were attributed to the
provision of IP care, of which 18 percent were due to readmissions amounting to $15
billion in annual spending.32 IP readmission rates have declined due, in part, to inroads
made by the Community-based Care Transitions Program (CBCT), created by Section
3026 of the Affordable Care Act, and launched in February 2012 to help organizations
implement evidence-based hospital readmission reduction interventions for high-risk
Medicare beneficiaries.78 Further reductions were realized as hospitals prepared for, and
responded to penalties imposed by the Centers for Medicare and Medicaid (CMS), as
outlined in the 2012 Final Rule of the Hospital Readmission Reduction Program (HRRP),
established in 2010 as a provision of the Affordable Care Act (ACA), Section 1886(q).30
Beginning October 1, 2012, hospitals with risk-adjusted readmissions that exceeded the
national average for three high-volume conditions (acute myocardial infarction (AMI),
heart failure (HF), pneumonia (PN)), occurring for any cause to the same or different
hospital, within 30-days of discharge from an index hospitalization were targeted for
payment reductions.30 Reimbursement penalties were then assessed across all hospital
Medicare admissions—not just those which resulted in readmissions.58 Exempt hospitals

16

include psychiatric, rehabilitation, long term care, children’s, cancer, and critical access
hospitals, as well as all hospitals in Maryland.57
For penalties levied in 2015, CMS added chronic obstructive pulmonary disease
(COPD), and elective hip or knee replacement; the types of PN cases were expanded, and
readmissions following coronary artery bypass graft (CABG) surgery were added to the
2017 HRRP Final Rule.30 Readmission rates are calculated from three full rolling years
of historical data, e.g., the 2013 penalties are based on the period from July, 2008 – June,
2011, and the 2017 period runs from July, 2012 – June, 2015.57 A large proportion of
hospitals will receive an HRRP penalty in 2017 since hospitals receive a penalty when
only one of the six conditions exceeds an expected national readmission rate. The
average penalty was $205,000 per hospital in 2017; total penalties are expected to be
$526 million in 2017, or 0.3 percent of overall Medicare hospital payments.57
Currently CMS publically reports, on the Hospital Compare website, all-cause
unplanned 30-day readmission rates for seven conditions (AMI, HF, PN, COPD, postCABG, Stroke, and following primary total hip arthroplasty (THA) and/or total knee
arthroplasty (TKA) and an overall hospital-wide unplanned readmission rate.79 While
readmission rates are not expected to be zero, higher readmission rates may connote
concerns about the quality of care delivery,80,81 or inadequate transitional care.43,44
Transitional care encompasses a broad range of services designed to promote the safe,
timely transfer of patients from one level of care to another (e.g., acute to subacute) or
from one type of setting to another (e.g., hospital to home).43,44 Transitional care includes
effective discharge planning, timely handoff to other providers at the time of discharge,
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ongoing patient assessment and education, and coordination of care in the post-discharge
period. Numerous studies have reported an association between the quality of IP or
transitional care, and early readmission rates for various conditions.44,80,81
Arguably, not all 30-day readmissions are preventable nor indicate breaches in
quality. For example, in some cases higher IP readmission rates are associated with
reduced mortality, reflect higher severity of illness, and not necessarily substandard
care.82 Moreover, improved care coordination may increase access to necessary hospital
care particularly for the frail elderly.25,83 Regardless, the need for improvements in care
transitions is undeniable and continued efforts to mitigate IP readmission risk are
essential.
Background and Significance
Impact of Readmissions on Older Adults
Any hospitalization is particularly problematic for older adults. In addition to risk
for iatrogenic conditions e.g., adverse drug events, or hospital-acquired infections,
hospitalized patients are commonly sleep-deprived, poorly nourished,84 may be in pain,
experience delirium,25 and often become deconditioned due to inactivity.85 Coined
“post-hospital syndrome,”85 these factors not only impede recovery from the acute illness
but also place older adults at risk for a range of adverse health events. Multiple
hospitalizations or readmissions only compound this risk and further fragment care
delivery often leading to mistakes in healthcare provision39 e.g., medication
discrepancies,40 and serious unmet needs41 of patients and their caregivers.
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Readmission Rates for High-Volume Conditions
For AMI, CHF, and PN – declines in readmission rates have been observed before
2012 (most precipitously from 2011-2012), suggesting that hospitals were preparing for
the upcoming 2013 CMS reimbursement penalties since the 2008 inception of the public
reporting of readmission rates, the 2010 HRRP enactment,57 as well as implementing
CBCT strategies to mitigate readmission risk. Thirty-day readmission rates for the three
target conditions collectively declined from 21.5 percent to 17.8 percent between 2007
and 2015.57 More specifically, from 2005 until 2014, the rate of readmission for Medicare
beneficiaries decreased by 14.5 percent for AMI (from 19.9 to 17.0 percent) , by 10
percent for CHF (from 24.5 to 22.0 percent), and by seven percent for pneumonia (from
18.2 to 16.9 percent).3,32 Since drops were observed and sustained across all three
conditions, it is likely that general system-wide measures rather than those aimed at
specific clinical treatments, were implemented to reduce readmission rates.53 Hence, it
remains important to examine not only patient-level, but also organizational- and health
care delivery system-level factors that impact various types of readmissions.
In addition to the CMS all-cause methodology, other approaches have been
utilized to classify 30-day readmissions. Recent efforts have focused on defining those
readmissions that are related to the index hospitalization either due to the primary
diagnosis or exacerbation of comorbid conditions, and those potentially preventable in
nature, using a variety of methods.

19

Readmission Types
All-Cause Readmissions
Endorsed by the National Quality Forum (NQF), CMS employs an all-cause,
unplanned, 30-day risk-standardized (RSRR) methodology to identify excess
readmissions rates.33 There are a few exclusions including planned readmissions (since
2014) e.g., two-part surgical procedures or chemotherapy, and transfers to other inpatient
prospective payment hospitals (those that receive a fixed average Medicare amount per
admission based on patient diagnosis, regardless of actual resources used83). Excess
readmissions are viewed as those that exceed a hospital’s expected readmission rate
based on comparison with a risk-adjusted national average, and are subject to
reimbursement penalty.83 Based on hierarchical logistic regression, the odds of
readmission are determined accounting for within-hospital correlation of observed versus
expected readmissions. This method aims to estimate the influence of hospital quality on
readmission outcomes and adjusts for patient characteristics including age, sex, and
selected clinical comorbidities, but controversially not for socioeconomic status (SES) or
community-level factors.86 Since the inception of the HRRP, those hospitals with
greater distributions of low-income beneficiaries, and major teaching hospitals, are more
likely than others to incur penalties.87 However, partially due to recommendations by the
NQF and the Medicare Payment Advisory Commission (MedPAC), effective in fiscal
year 2019, CMS will adjust for SES as delineated in the recently passed 21st Century
Cures Act.57,88 Hospitals will be divided into peer groups based on similar distributions of
patients eligible for both Medicare and full Medicaid; performance is then determined
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based on readmissions relative to respective peer groups.57 Concerns remain, however,
that SES risk adjustment methodologies will remain complex due to state variation in the
criteria for Medicaid eligibility for older adults and people with disabilities.57
It has also been debated whether the CMS all-cause approach may be unfairly
penalizing hospitals for readmissions that may not be preventable, but rather due to
patient or community factors that are not within the hospital’s control, especially at 30
days after discharge.89-91 For example, the SES of a patient, or whether effective postacute care is rendered, may not be attributable to the quality of a hospital stay.
Proponents of an all-cause methodology contend that there is not a reliable mechanism
for defining whether a readmission is related to the previous hospitalization. For
instance, a patient could be discharged with newly diagnosed HF and subsequently
readmitted due to complications after a fall. This fall could be construed as unrelated to
the index condition of HF when, in fact, it could be secondary to a commonly
experienced drop in blood pressure after starting a new medication such as a diuretic.
Decisions regarding whether a readmission is related to the initial condition are
likely arbitrary, difficult to standardize, and ultimately challenging to operationalize.
Nonetheless, various experts81,92,93 have developed methods to define those readmissions
that are linked to the index hospitalization i.e., same-or related-cause, potentially
preventable readmissions.
Same-cause or clinically-related readmissions
Same-cause-readmission (SCR), or those readmissions clinically related to the
index hospitalization, are more likely to be designated potentially preventable.91,94
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Readmissions deemed clinically-related are defined for medical or surgical conditions as
those for (1) the continuation or recurrence of the reason for the initial admission, or for a
closely related condition; (2) an acute decompensation of a comorbidity that was not the
reason for the initial admission, but was plausibly related to care either during or
immediately after the initial admission; or (3) a complication plausibly related to care
during the initial admission.92 The Agency for Healthcare Research and Quality (AHRQ)
Healthcare Cost and Utilization Project (HCUPnet) tracks national rankings of both allcause, and same-cause readmissions by Diagnostic Related Group (DRG) or Major
Diagnostic Category (MDC).95
Jencks and colleagues found that of the five medical conditions for Medicare
beneficiaries with the highest rates of IP readmission (HF, PN, COPD, psychoses and
gastrointestinal (GI) problems), readmissions for the same reason as the index
hospitalization were observed in greater proportion than for other readmission
diagnoses.33 In a 2012 retrospective cohort study examining IP readmissions in HF
patients receiving HHC services, the largest proportion of readmissions were due to
cardiac causes, and approximately one third had a readmission diagnosis of HF hence
deemed same-cause and potentially preventable.96 However, separate examination of
SCRs is warranted as not all are preventable since some clinically-related readmissions
may be due to the typical course of a disease state, and ultimately unavoidable.
Avoidable or Potentially Preventable Readmissions
It has been argued that rehospitalizations may not be totally “avoidable” at all;
many vary by patient and community characteristics, diagnoses/comorbidities, or are due
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to the natural progression of a patient’s illness.97 Terms i.e., avoidable and preventable,
have been utilized interchangeably; more recently the term “potentially preventable,”
which evades labelling an readmission as absolutely preventable, defines those that could
be averted with the provision of appropriate healthcare services.92
A standardized consensus definition for potentially preventable readmissions
(PPRs) has been elusive. In a 2011 meta-analysis, van Walraven and colleagues
determined that the median proportion of readmissions deemed avoidable were 27.1
percent but varied widely between five and 79 percent.34 They concluded that a
determination of whether a readmission can be deemed avoidable (or preventable) has yet
to be reliably ascertained.34 Vest et al. completed a systematic review in 2010 and also
determined that there remain serious gaps in knowledge in understanding factors
associated with preventable readmissions.98
Several methods have been developed to assess PPRs, such as the widely-used
proprietary 3M™ PPRs Grouping Software which uses hospital administrative data
(based on the development, by an expert physician panel, of All Patient Refined
Diagnosis Related Groups [APR DRGs] readmission-index admissions pairs) to flag
PPRs that are risk-adjusted for case mix and severity of illness.99,100 This metric is based
on the premise that PPRs are clinically related to the index hospitalization, and are
reasonably prevented by (1) provision of quality of care in the hospital; (2) adequate
discharge planning; (3) adequate post-discharge follow-up; and (4) improved
coordination between hospitals and providers outside of the hospital setting.36,92 For
shorter readmission time intervals e.g., seven or 15 days, there is a greater level of
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confidence that readmissions are potentially preventable due to a hospital’s provision of
clinical care or discharge planning processes.92
Using this software, the Medicare Payment Advisory Commission (MedPAC)
reported that 84 percent of 7-day readmissions, 78 percent of 15-day readmissions, and
76 percent of 30-day readmissions were flagged as potentially preventable.36 Mull and
colleagues compared the CMS all-cause readmission measure, with the 3M™ PPR
measure and concluded that 30 percent of hospitals would have had different payment
penalties when comparing the “CMS all-cause” and “CMS modified-for-preventability”
cohorts.101 They claimed that if preventability was included in pay-for-performance
methods, eight percent of the hospitals in their sample moved from no financial penalty
to some financial penalty. Another study reported a much higher PPR rate using the
3M™ model (78 percent) versus manual expert chart review (47 percent) with resultant
sensitivity of PPR software of 85 percent and the specificity at only 28 percent,102
connoting that PPR rates may be overestimated with the 3M™ method. Borzecki et al
manually reviewed 100 randomly-selected medical records of Veterans Health
Administration PN cases that were flagged as PPRs using 3M™ PPRs software, and
found they were not related to breaches in the quality of care processes, suggesting that
these readmissions may not have been preventable (or that measures of care processes are
not optimally assessed using medical chart review).103,104 As with any proprietary
product, it is difficult to assess the reliability of the 3M™ admission-readmission
diagnosis dyads. However, according to a 2011 survey, this software is used by at least
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20 percent of members of the National Association of Public Hospitals and Health
Systems to monitor PPR rates.105
Another method for classifying PPRs is the SQLape computerized algorithm,
tested in the U.S. but primarily utilized in Switzerland for more than five years, for
hospital benchmarking purposes.81,93,106 This algorithm is based on the definition of a
readmission as potentially avoidable if it (1) is related to at least one diagnosis already
known during the previous hospital stay, (2) is for a reason undetected at the time of the
previous hospital discharge (and should have been), and (3) occurs within the 30 days
after the previous hospital discharge.106 Potentially avoidable readmissions to a different
hospital are included in this algorithm that has a 96 percent sensitivity and specificity
when compared to medical chart review using the same criteria.81,93 In a study utilizing
the SQLape criteria, authors found that those with a PPR were more likely to have an
emergent index admission, have had a procedure, be discharged from an oncology
service, have an index LOS of greater than 5 days, more hospitalizations in the past year,
and a low hemoglobin or sodium at discharge.107
PPRs are not only those that are exclusively related to the index admission
diagnosis but can be due to the exacerbation of a comorbidity during the early postdischarge period. Donze and colleagues examined causes of PPRs for patients
discharged from a medical service and found that the five most frequent readmission
diagnoses were often related to specific comorbidities.108 Furthermore, in an analysis of
30-day readmissions for Medicare beneficiaries, those with 10 or more chronic conditions
were more than six times more likely to be readmitted than those with one to four chronic
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conditions.77 These findings underscore the complexity of reducing PPRs that can be
directly, or often indirectly, related to the index hospitalization.
Ambulatory Care Sensitive Conditions
Ambulatory care sensitive conditions (ACSC) are described as those for which
effective primary care management could theoretically prevent the need for admission let
alone readmission.109,110 The Agency for Healthcare Research and Quality (AHRQ) has
developed prevention quality indicators (PQIs) for the following ACSCs (in this case
narrowed to those applicable for adults) as admission rates for: Diabetes (three measures
plus related lower extremity amputations); COPD or Asthma; Hypertension; HF;
Perforated Appendix; Dehydration; Bacterial PN; and Urinary Tract Infection.111 In a
2011 study of hospitalized Veterans with an ACSC, those who had at least one
ambulatory care visit post-discharge were significantly less likely to be readmitted.97 In
a study examining AHRQ HCUP hospital discharge data, Friedman and Basu found that
in patients at least 65 years old admitted with an ACSC, 23 percent had at least one
related readmission, which increased to 40 percent for any cause, within 6 months.112
Although AHRQ convened an expert panel review in 2009, and PQI versions were
updated in 2016, there have been questions regarding the face validity of the PQIs as no
related empirical studies are available.113 Nonetheless, ACSC measures are used by at
least 15 percent of respondents to a 2011 National Association of Public Hospitals and
Health Systems survey to monitor PPRs.105 Focused on the quality of outpatient care,
and originally intended for preventing avoidable admissions, these measures may also
help to identify excess hospitalizations including readmissions.
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Impact of Time-to-Readmission
Approximately one-third of 30-day readmissions occur within the first seven
days, and more than one-half by 14 days.51,114 CMS, however, employs a 30-day
readmission metric based on the premise that this time frame is long enough to allow for
coordination between hospitals and post-acute care providers, and short enough to reflect
hospital-based discharge and care coordination processes.91,115 Some have argued that
this time frame is arbitrary, too long to be attributable to the quality of hospital care,89
and not based on scientific evidence.114 Furthermore, shorter term readmissions are
much more likely to be considered preventable than later ones,92,116-119 and therefore are
considered often due to modifiable causes. Alternatively, they may indicate better and
earlier observations of continued decline. They are also more highly associated with
factors related to the index admission,92,120 than those that occur closer to the 30-day
point. Moreover, very early readmissions are more often related to the quality of
discharge planning processes,117,121 or even timing of discharge e.g., in one study,
patients who were discharged between 8:00am and 12:59pm had lower odds of 7-day
readmissions. The authors suggested that early discharge times may be more conducive
for patients to access resources such as pharmacies, and social support to aid with a
smoother transition to the community.120 As different factors associated with IP
readmission are likely related to different readmission time intervals, perhaps different
interventions are indicated at different time frames too.
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New Contribution
This integrative review is the first known to identify both patient- and systemlevel factors associated with various definitions of early readmission of older adults for
specific high-volume conditions. Results are uniquely analyzed for trends in the
literature in the periods prior to and following the HRRP 2012 Final Rule. The specific
aim is to:
1. Examine the patient- and organizational/systems-level factors associated with
early, unplanned inpatient readmissions for high-volume conditions (AMI, HF,
PN) in older adults by various definitions of readmissions pre- and post- the
Medicare Hospital Readmissions Reduction Program Final Rule.
Conceptual Framework
The conceptual framework guiding this analysis is based on the Behavioral Model
of Health Services Use developed by Andersen and colleagues that emphasizes the
contextual as well as individual determinants of access to medical care (Figure 2.1.).122124

Figure 2.1. Andersen’s Behavioral Model of Health Services Use1
1
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Context includes health organization, provider-related factors as well as community
characteristics.125 Measured at the aggregate level, contextual factors can be measured in
smaller units e.g., families, or at larger levels e.g., national insurance policies. This
model suggests that at both the contextual and individual level, there are indirect
predisposing conditions that contribute to decisions regarding healthcare services use,
enabling conditions that facilitate or impede this use, and needs that require medical
treatment as determined by laypersons or professionals.126
Predisposing contextual factors include community-level demographics and social
factors i.e., aggregated employment level or racial composition; beliefs refer to
community or organizational values, norms, and political influences impacting access to
healthcare. Contextual enabling factors are described as those related to health policies,
healthcare finance resources, availability of health services facilities and provider access.
Moreover, contextual need characteristics include not only contributing environmental
factors i.e., safety of the community, but population health indices that relate to
community health or health risks.
Contextual factors can influence health behaviors and outcomes by either
influencing individual characteristics or impacting processes of medical care i.e.,
improving the community’s access to healthcare resources through the development of
free clinics that increase access even though individual insurance coverage may remain
unchanged.122
Individual predisposing characteristics encompass demographic factors i.e., age,
gender, ethnicity, which can effect one’s need for healthcare services; social factors
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including a person’s educational level, employment status and a social network that can
facilitate or impede access to services; and health beliefs are described as attitudes,
values, and knowledge that individuals have about their health and healthcare services
that influence their perception of need and subsequent use of healthcare services.
Individual enabling factors include income levels, health insurance coverage, source of
care, modes of transportation, travel time etc. Individual need characteristics comprise
self-perceptions of one’s health and functional status, and the magnitude of a health
problem e.g., reports of self-rated health, or the professionally evaluated judgments that
lead to decisions to seek health care i.e., co-morbidities, complications etc. This model
further suggests that perceived individual need influences healthcare-seeking behaviors
and adherence to treatment plans, while evaluated need is more closely related to the
overall treatment plan after a patient has seen a healthcare provider.
Health behaviors refer to both personal health practices i.e., diet, self-care,
adherence to medical regimens, and organizational processes of medical care which are
defined as provider interaction with the individual e.g., patient education, prescribing
patterns, discharge planning. Actual use of personal health services depends upon the
intersection of predisposing and enabling characteristics, and health care needs. Levels
of healthcare services use e.g., IP care versus ambulatory care, are differentially related
to factors. For example, Andersen and colleagues hypothesize that hospital services since
accessed due to more serious health conditions, are likely explained primarily by need
and demographic characteristics.123,126
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In addition to potential or “realized”122 access to healthcare, outcomes could
include both the perceived and evaluated health status of a patient. Self-perceptions of
health status after personal use of health services impact continued use or access to these
services. Furthermore, evaluated health status by professionals e.g., physiologic response
to treatment, influences access. Although closely related to perceived and evaluated need
measures, outcomes impact ongoing access e.g., if there is an evaluated need for IP
readmission, this access will likely be realized. Consumer satisfaction with outcomes or
the healthcare they receive, influences their continued use of healthcare services. Central
to this model is a feedback mechanism connoting that outcomes influence health
behaviors, and individual and contextual characteristics, and allows for insights regarding
how healthcare access can be improved.
In this integrative review, both individual and contextual factors, and health
behaviors are examined for their associations with the outcome of perceived or evaluated
health status leading to “realized” access122 or 30-day IP readmissions. Although
readmissions are not usually viewed as ideal access to healthcare services, there are many
factors that either impede or facilitate this type of acute healthcare utilization. This
framework provides for a comprehensive view of patient, organizational, community, and
policy level factors associated with readmissions.
Methods
Methods were derived from Whittemore & Knafl’s modified framework for
enhancing the rigor of integrative reviews.127 Strategies included (1) a well-defined
literature search; (2) preliminary data evaluation to outline approaches for study
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screening and selection, and to appraise the overall quality of included studies; and (3)
the data analysis stage in which data were ordered, categorized, and compared to
facilitate the emergence of patterns, relationships etc. Data analysis consisted of data
reduction, display, comparison, and conclusion drawing with verification.127
Literature Search
MEDLINE/PubMED, CINAHL, and Cochrane databases were searched for
English language studies limited to older-aged adults (aged 65 years or older) and
published from January 1, 2007 – December 31, 2017 providing for a 10-year span of
literature five years prior and five years following the HRRP Final Rule in 2012. The
search strategy was developed with a research library specialist and utilized a
combination of Medical Subject Headings (MeSH) for PubMED searches related to IP
readmission, with similar key terms (and truncated synonyms) utilized in other databases.
Purposive sampling using related MeSH terms and keywords, was conducted to narrow
studies to those examining readmissions in the aforementioned high-volume medical
conditions (AMI, HF, PN) to be consistent when comparing factors in the pre- and postHRRP periods. The following “all field search” terms with Boolean operators were
utilized for the database searches (Table 2.1.)
1.

All field search: (("Patient Readmission"[Mesh] OR readmiss* OR readmit* OR rehosp*
OR re-hosp* OR re-admiss* OR re-admit*
2. All field search: older* OR elder* OR senior* OR frail*
3. All field search: "Heart Failure"[Mesh] OR "heart failure"
4. #1 AND #2 AND #3
5. All field search: "Myocardial Infarction" [Mesh] OR "myocardial infarction"
6. #1 AND #2 AND #5
7. All field search: "Pneumonia"[Mesh] OR pneumonia*
8. #1 AND #2 AND #7
Limits: “January 1, 2007 – December 31, 2017” and English [language]
Table 2.1. Database Search Strategy
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In order to enhance the comprehensiveness of the literature review database, and
decrease the risk for a biased search,127 additional strategies were employed (for the same
10-year search period) including systematic snowballing techniques: (1) review of
“related citations” with the original MEDLINE search, (2) ancestry and descendency
searching of the bibliographies of significant studies; and hand-searching for citations (1)
written by key authors, (2) included in relevant policy briefs e.g., MedPAC reports, and
(3) in relevant grey literature including industry reports, websites of relevant
organizations e.g., AHRQ.
Data Evaluation
In order to include diverse methodologies for the examination of IP readmissions,
quantitative, qualitative, and mixed methods studies were considered. Consistent with
most of the CMS methodologies, this review excluded studies that exclusively examined:
(1) planned readmissions; (2) unplanned readmissions of which the first measurement is
greater than 30-days; and (3) patients who left the hospital against medical advice
(AMA).128 In contrast with CMS, studies examining hospice patients (as related to the
three high-volume conditions) were included as these readmissions may be considered
potentially preventable. Intervention studies were also excluded since they may influence
characteristics associated with readmission. Studies that exclusively focused on specific
clinical factors related to one condition e.g., measurement of a particular lab value, were
excluded unless a pattern across conditions was observed i.e., timely access to necessary
lab work. Lastly, unpublished manuscripts were excluded in order to specifically include
only peer-reviewed literature. Due to inherent differences in health policy and
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reimbursement structures, studies were limited to those conducted in non-federal
hospitals in the U.S.
The Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) flow of information diagram129 was utilized to document the process for the
selection of studies (Figure 2.2). The computerized database search of the literature
yielded a total of 2,837 potentially relevant articles plus an additional 101 articles
acquired through hand-searching (HF = 1,982, AMI= 604, PN= 352). After an initial title
screen conducted by three readers utilizing the aforementioned criteria, 457 articles were
selected for abstract review. Each abstract was reviewed by the same three readers and
narrowed to 128 full-text articles based on inclusion/exclusion criteria. All full-text
articles were appraised by two reviewers to determine final eligibility for inclusion in this
review. All three reviewers discussed a small number of articles where eligibility was
still questionable, and consensus was reached after discussion.
Data Analysis
Selected studies for this integrative review were ordered into systematic
categories to distinguish patterns, themes, and relationships based on medical condition,
and factors associated with IP readmission. Further methods to analyze results consisted
of data reduction, display, comparison, and conclusion drawing with verification.127,130,131
Data Reduction
After studies were grouped by condition (or all three conditions as applicable),
data were abstracted on key study features in order to assess the quality of the selected
articles. This data included study design, statistical methods, data source(s), multi- or
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single-center(s) settings, sample size and description. Since intervention studies were
excluded, most studies were observational in design, and the Strengthening the Reporting
of Observational Studies in Epidemiology (STROBE) Checklist 132 was used to critically
appraise the quality of reporting study findings. This 22-item checklist is applicable to
cohort studies, case-control studies, and cross-sectional studies. Although the STROBE
Statement was not developed as a tool for assessing the quality of published
observational research per se, it is useful in making important study features, i.e.,
confounding variables, biases, generalizability, transparent to guide better reporting
methods.133
Additionally, studies were rated on three levels of quality based on statistical
methods employed and sample size: low (bivariate associations), medium (multivariate
methods utilized but the sample size was < 100, single-center, or no adjustment factored
for multi-center data), and high (studies with > 100 sample size using multivariate
methods and adjustments for multi-center data). This rating approach was recently
utilized in a systematic review of readmission prediction for hospitalized HF patients.134
Data Display
Further data abstraction included: types of readmission, timing of readmission,
specific details regarding sample characteristics e.g., sociodemographic information,
medical condition(s), center settings (urban/rural), and patient-level and system-level
factors associated with readmission. Factors were further categorized using Andersen’s
framework, as contextual or individual factors, or health beliefs. Data were compiled
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into a spreadsheet to succinctly organize the literature, and to facilitate the comparison of
studies across variables.
Data Comparison and Conclusion Drawing
All associated factors and health beliefs were examined to identify common
themes, and separately grouped into categories e.g., hospital performance measures, by
target conditions. Synthesis of findings into an integrated summary, and conclusions
were derived from these results and themes. Conflicting evidence from equally high
quality studies was examined for confounding variables that may have influenced the
variability in findings.135 Conflicting evidence also illustrated the need for further
research,127 which is addressed in the discussion section.
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Figure 2.2. Diagram of Sample Derivation
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Results
Thirty-two articles met selection criteria and all were of retrospective cohort
design utilizing quantitative statistical methods (Table 2.2). All studies analyzed data
from multiple centers (hospitals), although two (6%) studies were restricted to data
acquisition from within one state (California or Michigan), and another two studies
utilized data from three states (New Jersey, Pennsylvania, and California) only. Two
studies reported only hospital-level sample sizes but most reported both hospital and
patient-level totals (81%); hospital sample sizes ranged between 14 hospitals in one study
(4%) to greater than 2,000 hospitals in 17 studies (56%), and patient sample sizes ranged
from 1,807 patients to more than 56 million patients; of these, 29 (91%) consisted of
samples greater than 15,000 patients including 10 (31%) studies with more than two
million patients. Most studies (94%) were of high quality based on large samples sizes
drawn from multiple sites, robust multivariate statistical methods, and excellent reporting
of these methods, and results.
Although 23 (72%) of the included studies were submitted and published after
2012, 25 (78%) studies utilized datasets beginning prior to 2008 and ending by 2010
(approximately half of these studies ended by 2008). Five (16%) studies analyzed data
acquired in 2008 (3 of these periods ended in 2008, 1 in 2010 and 1 in 2015). Two (6%)
studies utilized data collected after 2008 with one study conducted between 2009 and
2012, and another solely in 2013. Of note, although the first HRRP Final Rule occurred
in 2012, hospitals received penalties beginning in fiscal year 2013 for excess
readmissions between 2008 and 2011. In this context, 16 (50%) studies were conducted
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prior to the first penalty period, 13 (41%) during this initial penalty period, and three
(9%) ended after the 2008-2011 penalty period was over (Figure 2.3.).

Figure 2.3. Data Period by Table 2.2 Citation Number, Publication Year & HRRP Timeline

Since selected studies were narrowed to only older adult Medicare beneficiaries,
most studies utilized Medicare claims data (85%); the remaining studies analyzed
administrative inpatient data from state-level databases (9%) or non-claims
administrative data (6%). Several studies linked Medicare claims data with large clinical
datasets (34%) to create a sub-cohort of older adults; and 15 (47%) utilized either the
2007 or 2008 American Hospital Association (AHA) Annual Survey data to assess or
adjust for hospital characteristics associated with readmissions.
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Most studies reported the average age of patients in the sample (78%), among
them, the median age of patients included in this review equaled 78.3 ± 6.7; patients with
HF were slightly older with a median age of 80 ± 6.4; the median age for PN patients was
79.1 ± 6.3 and 77.5 ± 6.2 for AMI patients. Samples tended to consist of more white
patients than blacks or Hispanics, which is representative of the current Medicare
beneficiary race and ethnicity profile.136
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Table 2.2. Study Description by Design
Citation

Retrospective
(1)
Bergethon,
K.E., Ju, C.,
DeVore,
A.D., Hardy,
N.C., et al.
(2016)
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(2)
Bernheim,
S.M.,
Parzynski,
C.S.,
Horwitz, L.,
et al. (2016)

Data
Period

Main Data Source(s)

MultiFacility
Study
(Y/N)

Exclusions

Sample Size

Jan
2009 Oct
2012

AHA Get With The
Guidelines Heart
Failure Registry
(GWTG-HF) linked to
CMS administrative
claims; AHA Annual
Survey;
Dartmouth Atlas of
Healthcare;
CMS Hospital
Compare
Medicare Standard
Analytic Files;
American Community
Survey (2008-2012)

Y

Ineligible for Medicare FFS
at time of discharge; died in
hospital; left AMA;
transferred to another acute
care facility; missing
discharge status; hospitals
excluded if they had <10 pts
in GWTG-HF in 2009 or
2012

Y

2006-2007
Administrative
discharge data, AHA
annual survey, survey
of RNs

Y

July
2007June
2010

2006(3) Brooks2007
Carthon,
J.M.,
Lasater,
K.B.,
Rearden, J.,
et al. (2016)
NR = not reported

Unit of
Analysis*

Mean age
± SD
and/or
(range)

Type of Statistical
Methods (Quality of
Study)

(1) 21,264
(2) 70

(1) Patients
(2) Hospitals*

80.0
(78.2-81.7)

Linear regression
model w/ generalized
estimating equation
(GEE); Hierarchical
logistic models with
hospital-specific
random intercepts (by
year)
(High)

Died during admission; left
AMA; Hospitals with <25
hospitalizations in cohort
over 3-year period

HF:
(1) 1,278,296
(2) 4,733
AMI:
(1) 526,272
(2) 4,432
PN:
(1) 1,099,230
(2) 4,773

(1) Admissions
(2) Hospitals*

NR

Two-level
hierarchical logistic
regression; one-way
random effects model
(High)

Pts not black or white; left
AMA; death; patients
discharged same or next
day, federal hospital

(1) 69,065
(2) 253

(1) Patients*
(2) Hospitals*
(CA, NJ, PA)

(65-90)

Logistic regression
models; Analysis of
variance and t tests
(High)

Citation

Data
Period

Main Data Source(s)

(4) Cai, X. &
Li, Y. (2013)

2008

2008 MedPAR files;
2008 CMS Hospital
Compare data; 2000
US census file; 2008
AHA annual survey;
rural urban commuting
areas

MultiFacility
Study
(Y/N)
Y

Exclusions

<25 AMI patients for each
process measure

Sample Size

(1) 287,881
(2) 2,845

Unit of
Analysis*

(1) Patients*
(2) Hospitals*

Mean age
± SD
and/or
(range)
Mental
Illness:
81.0 ± 8.7
No Mental
Illness:
78.1 ± 8.4

Type of Statistical
Methods
(Quality of Study)
Biviariate analysis;
Chi-squared tests;
Multinomial logit
models; Multivariate
models
(Medium/High)
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(5) Desai,
N.R., Ross,
J.S., Kwon,
J.Y., et al.
(2016)

Jan
2008June
2015

Medicare Fee-ForService (FFS) claims
data

Y

Hospitals not eligible for
the HRRP; death; didn't
have >30 days enrollment in
Medicare FFS; left AMA;
hospice at time of
admission or in previous 12
months

(1)
48,137,102
(2) 7,964,608
(3) 3,497

(1) Admissions
(2) Readmissions
(3) Hospitals*

NR

Linear probability
model;
Interrupted timeseries models;
multivariate linear
regression
(High)

(6)
Dharmaraja
n K., Hsieh,
A.F., Lin, Z.,
et al. (2013)

20072009

Medicare Standard
Analytic and
Denominator files

Y

In-hospital death; <30 days
Medicare FFS enrollment
post-discharge; transfer to
another acute care facility;
left AMA

2,499,360

Unique patients*

HF:
80.3 ±7.9
AMI:
79.8 ± 8.0
PN:
80.0 ± 8.0

Extended logistic
regression, GEE,
least squares means,
Kaplan-Meier
survival, Cox prop.
hazard models
(High)

20082010

Medicare Standard
Analytic and
Denominator files

Y

In-hospital death; <1 year
Medicare FFS; transfer to
another acute care facility;
left AMA; planned
readmissions

(1) HF:
1,462,453
(2) AMI:
561,926
(3) PN:
1,125,234
(4) 4,767

(1-3)Admissions*

75.5 ± 7.9

Survival models;
Gray's test to
compare cumulative
incidence;
bootstrapping
methods
(High)

(JAMA)
(7)
Dharmaraja
n, K., Hsieh,
A.F.,
Kulkarni,
V.T.,et al.
(2015)

NR = Not Reported

(4) Hospitals

Citation

Data
Period

Main Data Source(s)

MultiFacility
Study
(Y/N)
Y

(8)
Dharmaraja
n, K., Hsieh,
A.F., Lin,
Z.,et al.
(2013)

20072009

Medicare standard
analytic and
denominator files

(9) Doll,
J.A.,
Hellkamp,
A.S., Goyal,
A.,et al.
(2016)

July
2007Dec
2009

Acute Coronary
Treatment Intervention
Outcomes Network
(ACTION) RegistryGWTG; linked to
Medicare FFS
database; Area Health
Resource File

Y

(10) Eapen,
Z.J., McCoy,
L.A.,
Fonarow,
G.C.,et al.
(2015)

Jan
2005Dec
2011

GWTG-HF data linked
with CMS inpatient
claims files; 2012 Area
Health Resources Files

Y

Exclusions

Death in hospital; <30 days
enrollment in Medicare
FFS; transfer to another
hospital; left AMA;
hospitals with <25 index
admissions per condition;
planned readmissions

(BMJ)
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NR = Not Reported

Patients with Medicare Part
D coverage < 3 months
before index; death;
transferred to another acute
care facility; hospice;
without evidence-based
meds; left AMA; patients
living in LTC facilities

Missing vital signs or lab
values at index admission;
hospitals with <25 patients
in study population

Sample Size

(1) HF:
(A)
1,291,211
(B) 320,003
(C) 4,041
(2) AMI:
(A) 517,827
(B) 102,536
(C ) 2,378
(3) PN:
(A)
1,135,932
(B) 208,438
(C ) 4,283
(1) 17,419
(2) 4,674
(27%)
(3) 12,745
(73%)

(1) 44,338
(2) 197

Unit of
Analysis*

(A)Admissions
(B)Readmissions*
(C)Hospitals*

(1) All Patients*
(2) Dual-eligible
patients
(3) Medicare
only (not dualeligible)

(1) Patients*
(2) Hospitals

Mean age
± SD
and/or
(range)
NR

Dual: 76
(70-82)
Medicare:
77 (70-83)
(p<.001)

80 (74-86)

Type of Statistical
Methods
(Quality of Study)
Boot-strapping for
different hospital
readmission
performance levels;
multivariate weighted
regression models
(High)

Cumulative
incidence;
multivariate Cox
proportional hazards
model with robust
sandwich covariance
estimators;
multivariable logistic
regression with GEE
(High)
Wilcoxon rank sum
test; chi-squared
tests; univariate and
multivariate logistic
regression models
(High)
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Citation

Data
Period

Main Data Source(s)

(11) Eapen,
Z.J., Liang,
L., Fonarow,
G.C.,et al.
(2013)

Jan
2005Dec
2009

GWTG-HF database
linked with Medicare
administrative claims

(12)
Giuliano,
K.K.,
Danesh, V.,
Funk, M. et
al. (2016)

2013

2013 US News &
World Report Best
Hospitals Survey;
2012 AHA Survey;
CMS Hospital
Compare database

(13)
Greysen,
S.R., Cenzer,
I.S.,
Auerbach,
A.D., et al.
(2015)

Jan
2000Dec
2010

Health and Retirement
Study linked to
Medicare claims

(14)
Hernandez,
A.F.,
Greiner,
M.A.,
Fonarow,
G.D.,et al.
(2010)

Jan
2003Dec
2006

Medicare inpatient
claims data linked with
Organized Program to
Initiate Lifesaving
Treatment in
Hospitalized Patients
with HF (OPTIMIZEHF) and GWTG-HF
registries

NR = Not Reported

MultiFacility
Study
(Y/N)
Y

Exclusions

Sample Size

Unit of
Analysis*

Hospitals with <15 cases, >
25% high missing lab data;
in-hospital deaths; transfer
to another hospital

(1) 30,828
(2) 160

(1) Patients*
(2) Hospitals

Y

Hospitals with no
readmissions ratios in CMS
Hospital Compare database

661

Hospitals*

Y

Transition to HMO within
30 days of discharge;
transfer to another acute
care facility; <12 months
Medicare claims before
admission; left AMA;
participants without HRS
interview
Patients discharged to SNF
and hospice care; excluded
hospitals that had fewer
than 25 patients in cohort;
ED vs not included as MD
follow-up visits

(1) 22,289**
(2) 7,854*

(1) Admissions
(2) Patients*

Y

(1) Patients*
(2) Hospitals*

Type of Statistical
Methods (Quality of
Study)
Multivariable logistic
regression models;
C-statistics to
evaluate model
performance
(High)

NR

Independent sample
t-tests
(Medium)

78.5 ± 7.7

Multivariate logistic
regression; sub
analysis restricted to
admissions for HF,
AMI, PN
(High)

NR (for 3
target
conditions)

**For entire
sample, not
just 3 target
conditions
(1) 30,136
(2) 225

Mean age
± SD
and/or
(range)
80 (74-86)

79

Chi-squared tests and
Kruskal-Wallis tests;
Cox proportional
hazards models
(High)
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Citation

Data
Period

Main Data Source(s)

(15) Hess,
C.N., Shah,
B.R., Peng,
S.A., et al.
(2013)

Jan
2003Dec
2006

Can Rapid Risk
Stratification of
Unstable Angina
Patients Suppress
Adverse Outcomes
With Early
Implementation of the
ACC/AHA Guidelines
(CRUSADE) Registry
linked to Medicare
administrative claims

(16)
Hummel,
S.L.,
Katrapati,
P., Gillespie,
B.W.,et al.
(2014)

Oct
2002March
2003;
Jan
2004June
2004
Jan
2006Nov
2007

Medical records;
Social Security Death
Index; Mid-Michigan
Guidelines Applied in
Practice – HF;
Michigan Peer Review
Organization claims
MedPAR files;
2007 AHA Survey;
Area Resource File

(17) Joynt,
K.E. &
Jha,.A.K.
(2011)

NR = Not Reported

MultiFacility
Study
(Y/N)
Y

Exclusions

Sample Size

Unit of
Analysis*

Patients with STEMI; death
in hospital; nonmatching
CRUSADE/CMS records;
transfer to acute care
facility; discharge to SNF or
hospice; patients with 1st
physician follow up on
same day as discharge

(1) 25,872
(2) 228

(1) Patients
(2) Hospitals*

Y

In-hospital deaths; of note deaths within 30-days of
discharge were not excluded
(and were not counted as a
failure)

(1) 1,807
(2) 14

(1) Patients*
(2) Hospitals

Y

VHA
hospitals < 25 HF
discharges

(1) 4,091
(2) 905,764

(1) Hospitals
(2) Discharges*

Mean age
± SD
and/or
(range)
76

Type of Statistical
Methods (Quality of
Study)

79.8 (7.6)

Multilevel mixedeffects logistic
regression with
random effects
modelling
(High)

(79.3-80.1)

Multivariate
regression models
(High)

Pearson chi-square;
Kruskal-Wallis test;
,multivariate logistic
GEE
(High)

Citation

Data
Period

Main Data Source(s)

(18) Joynt,
K.E., Orav,
E.J. & Jha,
A.K. (2011)

Jan
2006Nov
2008

MedPAR files;
2007 AHA Survey;
Area Resource File;
Medicare Impact File;
Hospital Quality
Alliance data

Jan
2006Nov
2007

Medicare Provider
Analysis Review;
2007 AHA survey;
2008 Hospital Quality
Alliance

2008

CMS Hospital
Compare linked with
AHA Annual Survey

(JAMA)
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(19) Joynt,
K.E., Orav,
J.E. & Jha,
A.K., et al.
(2011)
(Ann
Internal
Med.)
(20)
Jungerwirth,
R.J.,
Wheeler,
S.B. & Paul,
J.E. (2014)

NR = Not Reported

MultiFacility
Study
(Y/N)
Y

Exclusions

Sample Size

Unit of
Analysis*

Federal hospitals, outside
50 states, no Medicare FFS
enrollment

AMI:
(1) 579,492
(2) 4,322
HF:
(1) 1,346,768
(2) 4,560
PN:
(1) 1,236,751
(2) 4,588

(1) Discharges*
(2) Hospitals

Y

Federal hospitals, outside
50 states, < 25 HF
discharges, no Medicare
FFS

(1) 1,029,497
(2) 4,095

(1) Discharges*
(2) Hospitals

Y

NR

3,029

Hospitals*

Mean age
± SD
and/or
(range)
AMI:
Black 76
(70-83)
White 78
(71-84)
HF:
Black 76
(70-83)
White 81
(74-86)
PN:
Black 77
(71-84)
White 80
(73-86)
80-81 (74,
87)

Type of Statistical
Methods (Quality of
Study)

NR

OLS regression
models
(Medium/High)

Multivariate logistic
regression
(High)

Multivariate
regression analyses
(High)

Citation

Data
Period

Main Data Source(s)

(21) Keenan,
P.S.,
Normand,
S.L., Lin, Z.,
et al.
(2008)

(1)2002
-2005

Administrative (Adm.)
Claims Data:
Medicare Standard
Analytic and
Denominator files
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(22) Kociol,
R.D.,
Hammill,
B.G.,
Fonarow,
G.C. et al.
(2013)
(23) Kociol,
R.D.,
Hammill,
B.G.,
Fonarow,
G.C. et al.
(2010)

(2)1998
-1999;

MultiFacility
Study
(Y/N)
Y

Exclusions

Sample Size

Unit of
Analysis*

Death; transfer to another
acute facility; missing
medical records

Adm. Claims:
(1)283,919
(2)4,669
NHF Data:
(1) 64,329
(2) 4,437

(1)
Hospitalizations*
(2) Hospitals

Mean age
± SD
and/or
(range)
Adm.
Model:
79.9 years

Type of Statistical
Methods (Quality of
Study)
Hierarchical
generalized linear
regression models;
logit link function;
generalized R2
statistic
(High)

20002001

Medical Records:
National Heart Failure
(NHF) Project (linked
to Medicare claims
data)

Jan
2005Nov
2008

GWTG-HF registry
linked with Medicare
inpatient claims and
denominator files;
2008 AHA Survey

Y

Rehabilitation patients;
transfer to other acute care
facility; hospice patients;
death during index stay

(1) 31,505
(2) 166

(1)
Hospitalizations*
(2) Hospitals

79.7-80.4
(± 7.8-7.9)

Chi-square; KruskalWallis; modified
Poisson generalized
linear mixed model
(High)

Jan
2001Mar
2006

Acute Decompensate
Heart Failure National
Registry (ADHERE)
linked to Medicare
claims files; AHA
Annual Survey data

Y

No Medicare FFS
enrollment; PN as primary
dx not secondary to e.g.,
sepsis

(1) 104,808
(2) 30,859
(3) 283
(4) 4,162

(1) ADHERE
Hospitalizations*
(2) NonADHERE
Hospitalizations*
(3) ADHERE
hospitals*
(4) NonADHERE
hospitals*

79-80 (7486)

Chi-square; KaplanMeier; CochranMantel-Haenszel;
log-rank tests;
stratified Gray tests;
proportional hazards
model; Wilcoxon
rank sum tests
(High)

NR = Not Reported
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Citation

Data
Period

Main Data Source(s)

(24)
Krumholz,
H.M., Lin,
Z., Drye,
E.E., et al.
(2011)

(1) 2006
(2)1994
-1995

Adm. Model:
Medicare Standard
Analytic and
Denominator files

(25) Lee,
J.S., Nsa,
W.,
Hausmann,
L.R.M., et
al. (2014)

Jan
2006Dec
2010

National Quality
Improvement
Organization Clinical
Data Warehouse
linked to CMS
administrative claims;
US Census Bureau,
AHA Survey; Medical
record review

(26) Li, Y,
Laurent,
G.G.,
Lyness,
J.M., et al.
(2013)

Jan
2007Sep
2007

Medicare Provider
Analysis and Review
(MedPAR) files; 2007
AHA annual survey

MultiFacility
Study
(Y/N)
Y

Sample Size

Unit of
Analysis*

Mean age
± SD
and/or
(range)
78.7

Type of Statistical
Methods (Quality of
Study)

<65yo; death during index
hospitalization; same day
discharge; no Medicare FFS
enrollment for 12 months
before AMI hospitalization;
planned readmission for
elective procedures

(1) Adm.:
(A) 200,750
(B) 4,171
(2) Medical:
(A) 100,465
(B) 3.890

(A) AMI index
hospitalization
(B) Hospitals*

Y

Not Medicare FFS; death

(1) 1,818,979
(2) 4,740

(1) PN cases*
(2) Hospitals

79.7 ±8.2
years

Multivariate analysis
(High)

Y

AMI admission within 1
year before the index;
missing data; tobacco use

102,783

Patients*

No Mental
Illness
78.3 (±
7.7)

Multivariate logistic
regression
(High)

Medical Model:
Cooperative
Cardiovascular Project
(CCP) medical record
and administrative
data matched to
Medicare enrollment
database

NR = Not Reported

Exclusions

Mental
Illness
82.6 (±
8.0)

Stepwise logistic
regression with
bootstrapping;
multivariate linear
regression
(High)
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Citation

Data
Period

Main Data Source(s)

(27)
Lindenauer,
P.K., Lagu,
R.,
Rothberg,
M.B., et al.
(2013)

Jan
2006Dec
2008

Medicare claims files;
AHA Annual Survey;
US Census Current
Population Survey;
Henry J Kaiser Family
Foundation state level
data
(stathealthfacts.org)

(28)
Lindenauer,
P.K.,
Normand,
S.L.T., Drye,
E.E., et al
(2011)

20052006

Medicare Standard
Analytic and
Denominator files;
CMS National
Pneumonia Project
medical records data
linked to Medicare
claims data

Y

(29)
McHugh,
M.D. & Ma,
C. (2013)

20052006

Cross-sectional
nursing survey (CA,
NJ, PA); State
Discharge Abstract
Databases; AHA
Annual Survey

Y

(30)
Ranasinghe,
I., Wang, Y.,
Dharmaraja
n, K., et al.
(2014)

Jan
2007Nov
2009

Healthcare Cost and
Utilization Project
(HCUP) for California

Y

NR = Not Reported

MultiFacility
Study
(Y/N)
Y

Exclusions

Sample Size

Unit of
Analysis*

Hospice; left AMA;
incomplete claims data; no
12 months of Medicare FFS
enrollment; outside of 50
states

AMI:
(1) 553,037
(2) 4,262
HF:
(1)1,345,909
(2) 4,494
PN:
(1)1,345,909
(2) 4,524
(1) 453,251
(2) 4,675

(1)
Hospitalizations*
(2) Hospitals

<65 or >89 years; federal
hospital; hospitals with
< 50 annual discharges per
condition; < 10 nurse
respondents per hospital

412

Hospitals*

Death; transfer to another
hospital; left AMA; nonCalifornia residents;
planned hospitalizations

AMI:
107,256
HF: 206,141
PN: 199,620

Death; transfer to another
acute care facility; not a
Medicare FFS for 12
months before index
hospitalization; readmission
due to complications

(1)
Hospitalizations*
(2) Hospitals

Hospitalizations*

Mean age
± SD
and/or
(range)
AMI:
79.± 0 8.0
HF:
80.5 ± 7.9
PN:
80.1 ± 8.0

Type of Statistical
Methods (Quality of
Study)

3-level hierarchical
logistic regression
(High)

80
Hierarchical logistic
regression
(High)

AMI:
78 (72-84)
HF:
80 (74-84)
PN:
79 (74-84)
AMI:
78.3 ± 7.9
HF:
80.0 ± 7.7
PN:
80 ± 7.8

Logistic regression
models with standard
error estimates
(High)

Cox proportional
hazards model,
fracpoly logistic
regression
(High)
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Citation

Data
Period

Main Data Source(s)

(31)
Rodriguez,
F., Joynt,
K.E., Lopez,
L., et al
(2011)

20062008

Medicare Provider
Analysis Review, 2007
AHA survey, 2008
Hospital Quality
Alliance

(32) Sjoding,
M.W.,
Prescott,
H.C.,
Wunsch, H.,
et al. (2015)

2008

2008 Medicare
Provider Analysis and
Review (MEDPAR)
files; 2008 Hospital
Compare data
(hospital
performance); 2008
AHA survey file
(hospital
characteristics);
Healthcare Cost
Report and
Information System

NR = Not Reported

MultiFacility
Study
(Y/N)
Y

Y

Exclusions

Sample Size

Unit of
Analysis*

Blacks (although sensitivity
analysis including blacks
yielded same results),
federal hospitals, those
outside 50 states and DC

(1) 1,734,101
(2) 4,550

(1) Medicare
Discharges*
(2) Hospitals*

(1) 555,873
(2) 2,812

(1) Patients*
(2) Hospitals*

Patients who left AMA
excluded

Mean age
± SD
and/or
(range)
HF:
Hispanic:
80 (75-84)
White:
81 (74-86)
AMI:
Hispanic:
79 (74-84)
White:
78 (71-84)

Type of Statistical
Methods (Quality of
Study)

NR

Multivariable linear
regression models;
random-effects
logistic regression;
GEE with logit and
identity links
(High)

Multivariate
regression with GEE
(High)

Readmissions
All readmission rates reported in included studies were measured at up-to-30-days
from post-index hospitalization discharge, and four (12.5%) studies specifically
examined timing and readmission risk (Table 2.3). All included studies measured “allcause” readmissions and 30 (94%) of these studies adjusted readmission rates for patientlevel (15.6%) characteristics, patient and hospital characteristics (71.9%), or used CMS
risk-standardized readmission rate (RSRR) methodologies (12.5%). Eight studies (25%)
also examined same- or related-readmissions characterized as either the same reasons as
the index diagnosis or as within a broader cardiac and/or pulmonary classification. Of
the three target conditions, studies exclusively examining readmission risk in HF patients
totaled 11 (34.4%), those for AMI patients equaled six (19%), and only three studies
(9%) for PN patients; one study (3.2%) examined both HF and AMI readmissions, and 11
(34.4%) studies analyzed readmissions for all three conditions. Four (12.5%) studies
aimed to derive and validate readmission risk models (two for HF, one each for AMI and
PN). Median risk-adjusted readmission rates ranged from 22.5% - 24.8% (HF), 19.0% 20.0% (AMI), and 17.8% - 18.4% (PN); most of these rates were calculated between
2005 and 2009, and align with national CMS-reported rates for the same time frame per
condition.115
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Table 2.3 Readmission Measures
Citation

(1) Bergethon,
K.E., Ju, C.,
DeVore, A.D.,
Hardy, N.C., et
al. (2016)

Readmission
Type
Risk-adj.
All-Cause

Condition

HF

SecondaryAnalysis: HFrelated
Readmission
Risk-adj., AllCause (RSRR)

AMI
HF
PN

(3) BrooksCarthon, J.M.,
Lasater, K.B.,
Rearden, J., et al.
(2016)

Risk adj. AllCause
Related Cause

AMI

(4) Cai, X. & Li,
Y. (2013)

Risk-adj. AllCause

AMI

(5) Desai, N.R.,
Ross, J.S., Kwon,
J.Y., et al. (2016)

Risk-adj. AllCause

AMI
HF
PN

Risk-Adjusted:
2009: 20.0% ± 1.3
2012: 19.0% ± 1.2 (p=0.001)
Risk-adj. Lowest/Highest SES Hospitals:
AMI
20.2%/19.9%; SES-adjusted: 20.1%/20.0%
HF
25.4%/24.7%; SES-adjusted: 25.2% /24.8%
PN
18.7%/18.2%; SES-adjusted: 18.5%/18.4%

Risk-Adjusted:
Blacks: 23.5%
Whites: 18.8%

Risk-adj. in those with/without mental illness:
Low quality hospitals: 26.2%/28.6%
Medium: 23.2%/23.5%
High: 23.3%/22.3%
2008 (Penalty Hospitals)
AMI: 21.9%; HF: 27.5%; PN: 20.1%
Non-target: 18.4%
2008 (Non-Penalty Hospitals)
AMI: 18.7%; HF: 24.2%; PN: 17.4%
Non-target: 15.7%

NR = Not Reported

Risk-Adjustment
Methods

Unadjusted:
2009: 20.2% ± 7.5
2012: 18.6% ± 6.5
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(2) Bernheim,
S.M, Parzynski,
C.S., Horwitz, L.,
et al. (2016)

30-Day All-Cause Readmission Rate(s); (Time-to
Readmission); [risk for readmission]

Patient & Hospital
Characteristics

(1) CMS RSRR:
Patient & Hospital
Adjustments
(2) Median income
of zip code (SES
proxy)
(3) Medicaid dual
eligibility status
(Sensitivity
Analyses)

Common Readmission
Diagnoses (rates) or
[Proportion of Readmissions]
HF-Related:
Unadjusted
2009: (7.2% ± 4.1)
2012: (6.5% ± 3.8)

NR

Patient & Hospital
Characteristics

HF,[NR]
AMI, [NR]
Coronary Atherosclerosis [NR]

Patient & Hospital
Characteristics

NR

Patient & Hospital
Characteristics

NR

Citation

Readmission
Type

Condition

30-Day All-Cause Readmission Rate(s); (Time-to
Readmission); [risk for readmission]

Risk-Adjustment
Methods

Risk-adj.: AMI 19.9%; HF 24.8%; PN 18.3%
AMI
HF
PN
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(6) Dharmarajan,
K., Hsieh, A.F.,
Lin, Z., et al.
(2013)

Risk-adj. AllCause

(7) Dharmarajan,
K. Hsieh, A.F.,
Kulkarni, V.T., et
al. (2015)

Risk-adj.
All-Cause

AMI
HF
PN

(8) Dharmarajan,
K., Hsieh, A.F.,
Lin, Z., et al.
(2013)

Risk-std. AllCause (RSRR)
Related Cause

AMI
HF
PN

Proportion of readmissions by time:
0-3days:
(AMI 19.1%; HF 13.4%; PN 15.3%)
0-7 days:
(AMI: 40.1%; HF: 31.7%; PN: 33.6%)
0-15 days:
(AMI: 67.6%; HF: 61%; PN: 62.6%)
Rates NR
Daily risk of 30-day readmission:
[AMI 0.4%]
[HF: 0.7%]
[PN 0.4%]
HF: 24.7%
AMI: 19.8%
PN: 18.2%

Patient
Characteristics

Patient
Characteristics

Patient & Hospital
Characteristics

Median days to readmission:
High/Low-Performing Hospitals:
AMI: (9.8/10.0 (p=0.12))
HF: (12.6/12.1 (p=0.11))
PN: (12.9/11.5 (p<.001))

(9) Doll, J.A.,
Hellkamp, A.S.,
Goyal, A., et al.
(2016)

Risk-adj. AllCause

Risk-adj. All(10) Eapen, Z.J.,
Cause
McCoy, L.A.,
Fonarow, G.C., et
al. (2015)
NR = Not Reported

AMI

HF

Common Readmission
Diagnoses (rates) or
[Proportion of Readmissions]
HF:s
HF [35.22%], Renal [8.11%], PN
[4.98%]
AMI:
HF [19.27%], AMI [9.95%],
Renal [5.28%]
PN:
PN [22.36%], HF [8.53%],
COPD [7.51%]
NR

By Hospital Quality:
% of C/V Readmission:
HF:
High: [53.0%]
Medium: [52.7%]
Low: [53.5%]
AMI:
High: [55.1%]
Med: [53.6%]
Low: [51.0%]
% of Pulmonary Readm.:
PN:
High: [39.2%]
Med: [38.6%]
Low: [37.0%]

Dual eligible: 22.1%
Medicare-Only: 16.5% (p<.001)

Patient & Hospital
Characteristics

NR

Risk-adj.: 20.6%

Patient & Hospital
Characteristics

NR

Citation

Readmission
Type

Condition

All-Cause

HF

30-Day All-Cause Readmission Rate(s); (Time-to
Readmission); [risk for readmission]

Risk-Adjustment
Methods

Common Readmission
Diagnoses (rates) or
[Proportion of Readmissions]

Risk-Adj: Overall: 22.8%
(11) Eapen, Z.J.,
Liang, L.,
Fonarow, G.C., et
al. (2013)

Stratified by patient-level prediction risk:
Low-risk: 17.1%
Moderate-risk: 21.9% [1.35 (1.26,1.44)]
High-risk: 29.3% [1.99 (1.86,2.13)]

Risk-adj. AllCause
(RSRR)

HF

Risk-adj. Allcause

AMI
HF
PN

(14) Hernandez,
A.F., Greiner,
M.A., Fonaraow,
G.D., et al. (2010)

Risk-adj. AllCause

HF

(15) Hess, C. N.,
Shah, B.R., Peng,
S.A., et al. (2013)

Risk-adj. AllCause; and
C/V-related

AMI

(12) Giuliano,
K.K., Danesh, V.,
& Funk, M.
(2016)
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(13) Greysen,
S.R, Cenzer I.S.,
Auerbach, A.D.,
et al. (2015)

NR = Not Reported

Rates NR
Median excess readmissions ratios:
Low nurse staffing: [0.992 (p=.02)]
High nurse staffing: [0.976]

Risk-adj.: 19.2%
No functional impairment: 16.9%
Difficulty with > ADL: 18.8%
(Dependency in 1-2 ADLs: 18.4%
Dependency in > 3 ADLs: 25.7%

Unadjusted:
Overall: 21.3%
Q4 Early follow up (best): 20.9%
Q3: 20.5%
Q2: 20.5%
Q1 Early follow up (worst): 23.3% (p<0.001)

Unadjusted:
Overall: 18.5%
Q1 = Lowest MD follow-up: 18.7%
Q2: 17.9%
Q3: 18.1%
Q4 = Highest MD follow-up: 19.5% (p = 0.13)

Patient
Characteristics

NR

(statistics used for
within-hospital
clustering)

Used CMS Hospital
Compare database
(Patient and
Hospital
Adjustments)

NR

Patient
Characteristics

NR

Patient
Characteristics (to
adjust for hazard of
30-day readmission
by MD follow-up
hospital quartiles;
Hospital
Characteristics
similar across
quartiles)
Patient and Hospital
Characteristics

NR

Sensitivity analysis
C/V-related: 13.2%

Citation

Readmission
Type

Condition

(16) Hummel,
S.L., Katrapati,
P., Gillespie,
B.W., et al. (2014)

Risk-adj. AllCause
(RSRR)

HF

(17) Joynt, K.E.
& Jha, A.K.
(2011)

Risk-adj. Allcause

HF

(18)Joynt, K.E.,
Orav, E.J. & Jha,
A.K. (2011)

Risk-adj. Allcause;
Same-Cause

AMI
HF
PN

55
(19) Joynt, K.E.,
Orav, J.E. & Jha,
A. K. (2011)

(20) Jungerwirth,
R.J., Wheeler,
S.B. & Paul, J.E.
(2014)
NR = Not Reported

Risk-adj. AllCause

HF

Risk-adj. AllCause
(RSRR)

AMI
HF
PN

30-Day All-Cause Readmission Rate(s); (Time-to
Readmission); [risk for readmission]

Risk-Adjustment
Methods

Risk-adj.:
(1) Overall: 27%
(2) 1 prior admissions: 39%
> 2 prior admissions: 48%

(1) CMS Model
(Patient and
Hospital
Adjustments)
(2) CMS Model +
prior admissions
within 12 months

Risk-adj.: unweighted 25.7%

Patient and Hospital
Characteristics

Risk-adjusted:
AMI:
Black 24.8% [1.13(1.10,1.16)]
White 22.6% (REF)
HF:
Black 27.9% [1.04(1.03,1.06)]
White 27.1%
PN:
Black 23.7% [1.15(1.12-1.17)]
White 21.3%

Patient and Hospital
Characteristics

Unadjusted rates by HF discharge volume:
Low volume hospitals: 27.7%
Medium volume: 26.0%
High volume: 25.5%
Fully adjusted:
Low: 26.6%
Medium: 25.8%
High: 25.8%
With/without hospitalists:
AMI: 19.8% ± 1.4/20.1% ± 1.3
HF: 24.2% ± 2.1/24.8% ± 2.0
PN: 18.1% ± 1.7/18.1% ± 1.6

Income Proxies

Common Readmission
Diagnoses (rates) or
[Proportion of Readmissions]

NR

NR

Same-Cause:
AMI:
Black 3.6% [1.13 (1.07,1.20)]
White 3.2%
HF:
Black 11.1% [1.11 (1.09,1.13)]
White 10.2%
PN:
Black 4.9% [1.02 (0.98,1.10)]*
White 4.8%
* NS at p=.008

Patient and Hospital
Characteristics (full
adjustment excludes
bed size due to
multicollinearity
with HF discharge
volume)

NR

CMS RSRR
(Patient and
Hospital
Adjustments) plus
further Hospital
Characteristics

NR

Citation

Readmission
Type

(21) Keenan, P.S.,
Normand, S.L.,
Lin,Z., et al.
(2008)

Risk-adj. AllCause
(RSRR),
Same Cause

(22) Kociol, R.D.,
Hammill, B.G.,
Fonarow, G.C., et
al. (2013)

56

(23) Kociol, R.D.,
Hammill, B.G.,
Fonaraow, G.C.,
et al. (2010)

(24) Krumholz,
H.M., Lin, Z.,
Drye, E.E. et al.
(2011)

(25) Lee, J.S.,
Nsa, W.,
Hausmann,
L.R.M., et al.
(2014)

NR = Not Reported

Condition

30-Day All-Cause Readmission Rate(s); (Time-to
Readmission); [risk for readmission]

Risk-Adjustment
Methods

HF

Unadjusted:
Derivation Model:
23.6% (17.1-28.2%)
Medical Record Validation:
23.7%
RSRR:
23.6% (22-25.1%)

RSRR: Patient
Characteristics and
Hospital
Adjustment

Risk-adj. AllCause

HF

Unadjusted:
22.9%-24.9% (median = 24.7%)

Patient and Hospital
Characteristics

Risk-adj. AllCause
Related-Cause

HF

Unadjusted:

Risk-adj. AllCause
(RSRR)

AMI

ADHERE: 22.1%
Non-ADHERE: 23.7% (p<.001)

Unadjusted:
Administrative Model Derivation: 18.9%
Model Validation (Medical Record): 19.96%

Patient and Hospital
Characteristics

Patient and Hospital
Characteristics

RSRR (based on Administrative Data):
18.9%

Risk-adj. AllCause

PN

Unadjusted/Risk-Adjusted:
2006: 19.5/19.4%
2007: 20.6/19.6%
2008: 20.7/19.3%
2009: 20.6/18.8%
2010: 20.6/18.5%

Patient and Hospital
Characteristics

Common Readmission
Diagnoses (rates) or
[Proportion of Readmissions]
Risk for Same-Cause
Readmission:
Adm:
[1.09 (1.07,1.12)]
Medical:
[1.27 (1.22,1.33)]

NR

C/V Readmission:
ADHERE 12.3%
non-ADHERE 12.9% (p<.001)

Top 5
(1) HF[ 17%]
(2) AMI [7%]
(3) Atherosclerosis [4%]
(4) PN [3%]
(5) Acute RF [3%]

NR

Readmission
Type

Condition

(26) Li, Y.,
Glance, L.G.,
Lyness, J.M., et
al. (2013)

Risk-adj. AllCause

AMI

(27) Lindenauer,
P.K., Lagu, T.,
Rothberg, M.B.,
et al. (2013)

Risk-adj. AllCause

AMI
HF
PN

(28) Lindenauer,
P.K., Normand,
S.L.T., Drye,
E.E., et al. (2011)

Risk-adj. AllCause
(RSRR)

PN

Citation

30-Day All-Cause Readmission Rate(s); (Time-to
Readmission); [risk for readmission]

Risk-Adjustment
Methods

Common Readmission
Diagnoses (rates) or
[Proportion of Readmissions]

Patient and Hospital
Characteristics;
geographic location

NR

Unadjusted:
AMI: 19.9%
HF: 24.59%
PN: 18.2%

Patient and Hospital
Characteristics;
State-Level
Income/Healthcare
Resources Measures

NR

Unadjusted:
Administrative Model Derivation: 17.4%
Model Validation (Medical Record): 17.0%

Patient and Hospital
Characteristics

NR

Risk-Adjusted:
With Mental Illness-Comorbidity:
Hospitals with/without intensive cardiac services:
30.5%[1.74 (1.68,1.80)p<.001]/
32.4% [1.74 (1.61,1.88)p<.001]
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RSRR: 17.3%
(29) McHugh,
M.D. & Ma, C.
(2013)

Risk-adj. AllCause, Related
Cause

AMI
HF
PN

Risk-adj:
AMI: 19.1%
HF: 23.3%
PN: 17.8%

Patient and Hospital
Characteristics

(30) Ranasinghe,
I., Wang, Y.,
Dharmarajan, K.,
et al. (2014)

Risk-adj. AllCause

AMI
HF
PN

Unadjusted:
AMI: 17.5% (17.2, 17.8%)
HF: 22% (21.8, 22.2%)
PN: 17.3% (17.1, 17.5%)

Patient
Characteristics

Proportion of readmissions by time:
0-3 days:
(AMI: 19%; HF: 13%; PN 15%)
0-7 days:
(AMI: 21%; HF: 19%; PN: 19%)
[risk of readmission was highest between days 2-5
post-discharge]

NR = Not Reported

Most common:
AMI: [HF: 15%]
HF: [HF: 32%]
PN: [PN: 21%]
HF:
Cardiac: [50.6%]
HF: [35.6%]
Renal disorders: [5.4%]
AMI:
Cardiac: [52.2%]
HF: [19.0%]
AMI: [9.9%]
PN:
Respiratory: [38.0%]
PN: [22.2%]
Septicemia/shock: [9.8%]

Citation

(31) Rodriguez,
F., Joynt, K.E.,
Lopez, L. et al.
(2011)

Readmission
Type

Condition

Risk-adjusted
All-Cause

AMI
HF
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(32) Sjoding,
M.W., Prescott,
H.C., Wunsch, H.
et al. (2015)
NR = Not Reported

Risk-Adj AllCause

PN

30-Day All-Cause Readmission Rate(s); (Time-to
Readmission); [risk for readmission]
Risk-Adj. HF: Hispanics
Hispanic-serving hospitals
Model 1: 29.1% [1.18 (1.14,1.23) p<.001]
Model 2: 28.7% [1.15 (1.11,1.20) P<.001]
Model 3: 27.2% [1.09 (1.05,1.14) p<.001]
Non-Hispanic serving hospitals:
Model 1: 27.0% [1.06 (1.01,1.13) p<.05]
Model 2: 27.1% [1.06 (1.01,1.13) p<.05]
Model 3: 26.9% [1.08 (1.02,1.14) p<.05]
Risk-adj. AMI: Hispanics
Hispanic-serving hospitals:
Model 1: 24.0% [1.20 (1.12,1.28) p<.001]
Model 2: 23.2% [1.13 (1.06,1.20) p<.001]
Model 3: 22.1% [1.08 (1.01,1.16) p<.05]
Non-Hispanic-serving hospitals:
Model 1: 22.7% [1.12 (1.03,1.22) NS]
Model 2: 22.6% [1.10 (1.01,1.20) p<.05]
Model 3: 22.6% [1.11 (1.02,1.20) p<.05]
Risk-Adjusted:
By Quintiles for PN ICU Admission:
Q1 (Lowest ICU utilization): 18.8%
Q2: 19.5%
Q3: 19.7%
Q4 (Highest ICU utilization): 19.6%
Q5: 19.9% (p<.001)

Risk-Adjustment
Methods

Model 1: Patient
Characteristics

Common Readmission
Diagnoses (rates) or
[Proportion of Readmissions]
NR

Model 2: Patient
Characteristics plus
LOS
Model 3: Model 2
plus Hospital
Characteristics and
HF or AMI HQA
score

Patient and Hospital
Characteristics

NR

Associated Factors
Studies either exclusively examined organizational/systems-level (classified as
contextual or health behaviors-processes of medical care) characteristics (53%), patientlevel (individual) factors (25%), or a combination of both (22%) for association with
readmission. Results are organized separately at the organizational/systems (Table 2.4.)
and patient levels (Table 2.5.), and by specific contextual and individual factors identified
in Andersen’s Behavioral Model of Health Services Use including predisposing,
enabling, and need factors, and also health behaviors.
Organizational/Systems-Level: Contextual Factors
Contextual-Predisposing Factors: Community-Level Education and Employment
Population-level education was examined in only one study of HF readmissions;
patients who lived in counties with a higher proportion of high school graduates had
lower odds of readmission. College level education, however, was not significantly
associated with lower readmission risk.137 In the same study, there was also a modest
increase in readmission risk observed in HF patients who lived in a community with a
higher percentage of white collar workers (p=.02).137 No other contextual predisposing
factors were examined in studies included in this review.
Contextual-Enabling: Health Policy and Financial Resources
In a large study aimed at comparing trends in readmission rates for target and
non-target conditions in hospitals by HRRP penalty status, significant differences in rates
were observed in relation to the HRRP timeline. After the HRRP announcement but
prior to full-implementation (between April 2010 and October 2012), rates declined faster
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for target and non-target conditions for hospitals subsequently receiving a penalty.138
Within penalty hospitals, readmission rates for target conditions fell more quickly than
for non-target conditions, which was not observed in non-penalized hospitals. Penalty
hospitals were larger, often classified as teaching hospitals, and had a higher proportion
of Medicare patients.138 After HRRP implementation in 2012, readmission rates for all
target conditions, however, began to significantly plateau.138
Three (9%) studies examined the impact of aggregate income on readmission risk
although all adjusted for patient characteristics i.e., number of comorbidities. In one
study of target conditions, state-level income inequality was associated with modest
increases in readmission risk.139 In a study of HF patients, hospitals located in counties
with a low median income had higher readmission rates, although once adjusted for
various hospital characteristics (including hospital proportion of Medicaid patients), this
difference in rates was not significant.140 In another study utilizing two methods for SES
adjustment (income based on zip code; hospital proportion of Medicaid patients),
investigators found no change in RSRRs between high- and low-SES hospitals.
Furthermore, they determined that only three-to-four percent less hospitals would avoid
HRRP penalty after this type of SES risk adjustment.141
Contextual-Need Factors: Post-Discharge Period
In four studies (12.5%), risk of readmission was found to be highest between days
two-to-five post-discharge for all three conditions,142 with daily risk highest for HF
patients.143 Median time-to-readmission, however, was shortest for AMI patients at
approximately 10 days, and was slightly longer at 12 days for both HF and PN
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patients.144 The majority of patients, regardless of condition, were admitted within 15
days at proportional rates (of all 30-day readmissions) of 61 percent for those with HF,
62.6 percent in the PN cohort, and 67.6 percent for AMI.114,145 Readmission rates
approximated a 50 percent decline by day 13 for AMI patients, day 25 for pneumonia,
and extended slightly beyond 30-days for HF patients (38 days).143
Organizational/Systems-Level: Health Behaviors-Processes of Medical Care
Hospital Performance: Quality of Care Delivery and Hospital Structure
A number of studies (50%) analyzed the relationship between quality of hospital
performance (defined variably), available clinical services, or hospital structural
characteristics e.g., teaching status, ownership, on readmission risk. One study found that
PN patients discharged from hospitals with higher excess readmission rates as compared
to those with lower rates, returned at a median rate of 11.5 days versus 12.9 days
respectively (p<.001); these findings did not change when adjusted for other hospital
characteristics i.e., ownership, rural location.145 In another study, patients who received
evidence-based PN care process measures e.g., receiving the appropriate antibiotic within
six hours of presentation to the hospital, were admitted less often.146 Interestingly, those
receiving the appropriate antibiotic in a non-intensive care (ICU) setting had a lower
readmission risk when compared to ICU patients even when adjusted for increased illness
burden.146 Another PN study found that patients admitted to an ICU in hospitals with
higher ICU utilization rates, also had higher readmission rates.147 Hospitals in the highest
ICU utilization quintile tended to be public- or for-profit-owned teaching hospitals, of
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larger size, had more ICU beds, and had a higher Medicaid payor mix. These same
hospitals had higher concomitant PN process measure failure rates.147
In another well-designed HF study, authors hypothesized that hospitals with
higher HF volume would provide higher quality care, resulting in lower readmission
rates.148 Indeed, hospitals with more HF discharges were found to have had better
performance on HF process measures, and lower readmission rates than those hospitals
with relatively low volume.148 Those hospitals in the low-volume group tended to be of
smaller size, less often urban, publically-owned, have shorter HF patient stays (lower
LOS) and less invasive cardiac services i.e., cardiac catheterization, percutaneous
angioplasty, and were of non-teaching status. Another study of HF patients, reported that
public- or for-profit hospitals, with less cardiac services, and hospital beds, were more
likely to have the worst readmission rates.140 Similar results were reported in a study
examining hospitals participating in a HF registry (ADHERE) with lower all-cause and
cardiovascular risk-adjusted readmissions.149 ADHERE-participants were more often
teaching hospitals, had higher volumes of HF discharges, and offered invasive cardiac
services more often than non-ADHERE participants.
In a study of AMI patients with comorbid mental illness, higher readmission rates
for all patients were associated with discharge from a lower quality hospital.150 Quality
levels were based on CMS Hospital Compare public reports of hospital adherence to five
core quality AMI measures. In another study examining AMI patients with comorbid
mental illness, patients were more likely to be admitted to a hospital without invasive
cardiac services, and were therefore, more likely to be readmitted than those without
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mental illness.151 Hospitals without invasive cardiac services tend to be of smaller size,
government-owned, rural non-teaching hospitals.151
In a study examining quality measures, older black AMI patients were more often
admitted to hospitals with higher levels of unmet nursing needs e.g., timely medication
administration, documentation of care, and comfort/talking, which was related to
readmission risk. After adjustments for hospital and patient characteristics, black patients
had a 16 percent higher readmission risk for every 10 percent increase in undone nursing
care which was not the case for whites.152 Although disparate consequences may be
related to race, readmission risk was also linked with the quality of nursing care delivery.
Those hospitals serving a larger proportion of minority patients (termed
“minority-serving” in the respective literature) were linked to higher risk for readmission
regardless of race, for all three target conditions in one study.153 As compared to nonminority-serving hospitals, these hospitals served more black patients, had a greater
Medicaid population and a higher disproportionate share (DSH) index. They were also
more often large public or for-profit teaching hospitals, located in the southern region of
the U.S., and had slightly worse HQA scores.153 Hospitals with the lowest level of postdischarge physician follow-up were also found to serve proportionately more black
patients.154 Findings from another study analyzing AMI and HF readmissions in
hospitals that served proportionately more Hispanics (termed “Hispanic-serving” in the
selected literature), demonstrated that these hospitals had higher readmission rates for
both Hispanic and white patients than non-Hispanic-serving hospitals.155 Similarly,
Hispanic-serving hospitals tended to have a higher proportion of Medicaid patients, and
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were more often medium/large-sized public or for-profit teaching hospitals. In Hispanicserving hospitals, HQA HF scores were similar to those of non-Hispanic-serving
hospitals, but lower for AMI process measures.155 Characteristics of hospitals that serve
a greater proportion of minority patients, seem to contribute to the quality of rendered
services impacting readmission risk.
Hospital Performance: Post-discharge Follow-up
There were inconsistent findings regarding whether hospitals that coordinated
timely post-discharge follow-up physician appointments, were also more likely to have
lower readmission rates. One study reported that a 7-day follow-up appointment with a
physician was associated with reduced, readmission risk for HF patients.154 Another
study reported that referral of patients to HF disease management programs was also
related to lower readmission rates.156 However, in a study of AMI patients, readmissions
were not lowered in hospitals with higher levels of early physician follow-up, even when
rates were adjusted for patient demographic and clinical characteristics, type of provider
(cardiologist versus primary care physician), or discharge to a SNF.157 Of note, no
selected studies directly examined the impact of post-acute care services e.g., HHC
services, SNF/IRF referral, or care provided by other primary care providers e.g., nurse
practitioners, physician assistants, on 30-day readmission risk.
Hospital Performance: Staffing and Work Environment
Nurse staffing and work environment appear to be consistently related to
readmission risk. Three (9%) studies found an association between nurse staffing and
readmission risk. Reductions in nursing workload were related to significantly lower
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odds of readmission for all target conditions;158 this association was also supported in two
other studies of HF patients.140,159 Furthermore, an effective nursing work environment
i.e., nursing leadership, adequate resources, nurse-physician relationships, was linked to
lower readmission rates for target conditions.158
Results were inconsistent, however, for the association of hospitalist staffing on
readmission risk. One study reported that employing hospitalists was associated with
lower RSRRs for all three target conditions.160 In contrast, in a study specifically
examining HF patients, the utilization of hospitalists was not directly linked to lower
readmission risk after adjustment for patient and hospital characteristics.161 There were
no studies examining the association of readmission risk with IP care provided by other
staff e.g., nurse practitioners, physician assistants.
Patient-Level: Individual Factors
Individual-Predisposing Factors: Patient Demographics
In four (12.5%) studies analyzing the effect of age on readmission risk, the
results were mixed. For all three target conditions, no clinically significant differences in
readmission risk were observed for those 65-74 years of age as compared to those older
than 74 years.144 AMI patients older than 84 years (older-old), however, had more HF
readmissions compared to those Medicare beneficiaries younger than 75 years.144 In
another study comparing readmission risk for target conditions in those younger versus
older than 65 years of age, AMI readmission risk was found to be lower for younger
patients, but otherwise equivocal for HF and PN patients.142 One study found no
significantly predictive difference for PN readmission based on age.162 Another study
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predicting HF readmission risk, found that older-old adults had a 13 percent lower risk
for readmission.163 Overall, it appears, that younger patients may have lower AMI
readmissions, older-old adults have lower HF readmissions unless post-AMI, and PN
readmissions are not necessarily related to differences in age.
Four studies (12.5%) also examined the effect of gender on readmission risk (one
study focused on all three conditions, and three studies separately analyzed HF, AMI and
PN) with somewhat inconsistent results. In the all-condition study, hazard ratios did not
differ by gender to a clinically significant degree (0.98-1.00).114 In another study with
larger effect sizes, males were more likely to be readmitted after an index hospitalization
for PN (1.07-1.13).162 In a study aimed at predicting risk for HF readmissions, there were
mixed results between the administrative (males slightly more likely to be readmitted)
and medical models (males were less likely to be readmitted).163 In a study calculating
standardized AMI readmission risk, both the administrative and medical models were
consistent for males having less likelihood of readmission with larger effect sizes.164
In general, race and ethnicity appear to be consistently associated with higher
readmission risk in six (18.8%) different studies. After adjustment for patient and
hospital-level characteristics, Hispanics were more likely to be readmitted after an AMI
or HF hospitalization as compared to whites (p<.05).155 In other studies, Hispanics137 and
blacks137,165 admitted for HF, were also more likely to be readmitted than whites except
after SES risk adjustment (measured as county-level income).137 In yet another study,
blacks had higher overall odds of AMI readmission, which was slightly attenuated after
risk-adjustment for patient and hospital characteristics (from 1.33 to 1.16).152 Two (6%)
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studies examined the association of race with readmission risk for all three conditions.
One study examined both all-cause and same-cause readmissions, reporting higher odds
of all-cause readmission for blacks especially for AMI and PN; these odds were even
higher when patients were cared for in hospitals serving a greater proportion of minority
patients.153 Furthermore, black patients with AMI or HF were more likely to be
readmitted with same-cause diagnoses regardless of site of care; this was not the case for
PN patients.153 Another all-condition study, however, found no clinically significant
association between race and comorbidity-adjusted readmission risk.144 The extent to
which different SES measurements, and comorbidity likelihood, confounds the
independent effect of race on readmission risk is unclear.
Individual-Enabling Factors
Few studies directly examined the association of individual enabling factors i.e.,
patient-level income, health insurance, transportation modes, or distance to sites, on
readmissions. One study reported that despite greater medication adherence, dualeligible (Medicare and Medicaid) AMI patients were 16 percent more likely to be
readmitted (p=.001).166 These patients tended to be non-white females with non-STelevation myocardial infarctions (NSTEMI) who had more comorbid conditions, and
underwent less invasive cardiac procedures. Other studies included Medicaid status,
and/or distance to site-of-care in their risk-adjustment of readmission rates, but did not
separately report the effects.
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Individual-Need Factors: Comorbid and Clinical Conditions
Although the cited causes for readmission were numerous and of low proportion
(< 5 %), however, a few comorbid conditions were consistently associated with
readmission risk (at proportions greater than 15%) for each of the target conditions with
small or modest effects. In multiple studies, having HF (or prior history of),162,164,167
coronary artery disease (CAD),162,163 COPD,162-164 anemia,163,164,167 or renal failure (RF)
(or elevated blood urea nitrogen/creatinine)162-165 was more commonly associated with
greater readmission risk across all three conditions. Common lab values associated with
greater readmission risk (in addition to those associated with renal failure or anemia),
included low serum sodium levels (defined as < 130 mg/dL) for targeted cardiac
conditions (AMI or HF),163-165,167 or specific white blood cell indices for AMI164 or PN.162
Comorbid mental illness was associated with increased readmission risk for AMI
patients, regardless of site-of-care, in two studies.150,151 Having any mental illness
(combining psychiatric and substance use disorders), or solely psychiatric illness,
strongly increased the odds of readmission with ratios of 1.74 and 1.77 respectively
(p<.001) in hospitals that offer invasive cardiac services. Dual diagnosis increased the
risk to almost 2 times those of AMI patients without mental illness (p<.001).
Cardiac arrest was associated with increased HF readmission risk,163 furthermore,
when coupled with a previous HF admission, the adjusted odds ratio was quite large at
6.71 but the confidence interval was wide (1.3, 34.7) p=.02.167 In a study examining HF
readmissions, prior hospital admissions (within the past 12 months) strongly increased an
adjusted risk for readmission. Having one prior admission was linked to an odds ratio of
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4.67 ([3.37-6.46] (p<.001)), and for two or more prior admissions, an odds ratio of 6.49
([4.93-8.55] (p<.001)).167
Functional ability was linked with greater odds of readmission for target
conditions in one study. These odds increased as the activities of daily living became
more dependent: (1) difficulty with > 1 ADL: 1.14 (0.82-1.58); (2) dependency in 1-2
ADLs: 1.11 (0.77-1.61); and (3) dependency in > 3 ADLs: 1.70 (1.04-2.78).168 In another
study, nursing home residency prior to PN admission was linked to slightly higher odds
of readmission, further demonstrating that prior health or functional status is contributory
to readmission risk.162
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Table 2.4. Organizational/Systems-Level Factors
Factor Category
Contextual
Predisposing:
Education

Income

Condition

Specific Factor

(10) Eapen, Z.J., McCoy,
L.A., Fonarow, G.C., et al.
(2015)
(10) Eapen, Z.J., McCoy,
L.A., Fonarow, G.C., et al.
(2015)

HF

High School Education (% of people
> 25 yrs. old with HS+ diploma

0.94 (0.91,0.98) (p=.005) (Race + SES-adjusted)

HF

Employment: % of white collar
workers (county-level)

1.06 (1.01,1.11) (p=.022) (Race + SES-adjusted)

Enabling:
Health Policy

70
Financial Resources

Multivariate Estimate OR or HR [unless otherwise
noted] (95% CI) (p-value)

Citation

(5) Desai, N. R.; Ross, J.
S.; Kwon, J. Y., et al.
(2016)

AMI
HF
PN

(2) Bernheim, S.M,
Parzynski, C.S., Horwitz,
L., et al. (2016)

AMI
HF
PN

Income: SES (zip code)
Hospital proportion of Medicaid
population

HF

Median County Income

AMI
HF
PN

Income: Income Inequality (at statelevel)

(17) Joynt, K.E. & Jha,
A.K. (2011)

(27) Lindenauer, P. K.;
Lagu, T.; Rothberg, M. B.,
et al. (2013)

Change in Annualized Readmission
Rates for target conditions (pre- and
post-HRRP) as compared to nontarget conditions

Pre-Implementation (4/2010-9/2012)
AMI: -1.24 (-1.84,-0.65) (p<.001)
HF: -1.25 (-1.64,-0.86) (p<.001)
PN: -1.37 (-1.80,-0.95) (p<.001)
Non-Target: -0.27 (-0.38,-0.17) (p<.001)
Post-Implementation (10/2012-6/2015)
AMI: 0.21 ((-0.29,0.70) (p=.41)
HF: 0.76 (0.43,1.08) (p<.001)
PN 0.75(0.40,1.11) (p<.001)
Non-target: 0.18 (0.10,0.27) (p<.001)
[No change in RSRR between high & low SES hospitals;
3-4% fewer hospitals would meet penalty threshold if
SES-adjusted]
Risk-adj. (Patient Characteristics only)
Lowest Quartile: 2.9 (2.4,3.5) (p<.001)
Risk-adj. (Patient & Hospital with Medicaid proportion)
Lowest Quartile: 1.2 (1.0,1.6) (p=0.10)
Adjusted Risk Ratios:
AMI: 1.09 (1.03,1.15)
HF: 1.07 (1.01, 1.12)
PN: 1.09 (1.03, 1.15)

Need:
Factor Category

Citation

Condition

Specific Factor

(6) Dharmarajan, K.,
Hsieh, A.F., Kulkarni,
V.T., et al. (2015)

AMI
HF
PN

Risk for readmission by Time

(7) Dharmarajan, K.,
Hsieh, A.F., Lin, Z., et al.
(2013)

AMI
HF
PN

Median Time-to-Readmission

(8) Dharmarajan, K.,
Hsieh, A.F., Lin, Z., et al.
(2013)
(30) Ranasinghe, I., Wang,
Y., Dharmarajan, K., et al
(2014)

AMI
HF
PN
AMI
HF
PN

Proportion of 30-day Readmissions
by Time

(4) Cai, X. & Li, Y.(2013)

AMI

(1) Bergethon, K.E., Ju,
C., Devore, A.D., Hardy,
N.C., et al. (2016)
(7) Dharmarajan, K.,
Hsieh, A.F., Lin, Z., et al.
(2013)
(BMJ)
(17) Joynt, K. E.; Orav, E.
J.; Jha, A. K. (2011)

HF

Low Quality Hospital (for AMI core
measures)
% ACEI/ARB for patients with
LVSD (HF core measure)

Non-mentally ill patients: 1.18 (1.06,1.30) (p<.01)
Mentally-ill patients 1.13 (0.94,1.35) (p<.01)
-0.07 (-0.14,0.00) p=0.05

AMI
HF
PN

Time-to-Readmission by hospital
performance: excess readmission
rates (for PN only; NS for AMI/HF)

HF

Change per 10-patient increase in HF
discharge volume:

Low-performing hospitals:
[11.5 days]
High-performing hospitals:
[12.9 days (p<.001)]
Low: -0.009 (-0.01,-0.006)p<.001
Medium: -0.003 (-0.004,-0.0009)p=.002
High: NS
Readmission Rates:
[Q1: 18.8% (Lowest ICU utilization) [Q4: 19.6%]
[Q2: 19.5%]
[Q5: 19.9%]
[Q3: 19.7%]
p<.001

Post-Discharge Period
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Health Behaviors:
Processes of Medical
Care
Hospital Performance:
Quality of Care

(32) Sjoding, M. W.;
Prescott, H. C.; Wunsch,
H., et al. (2015)

PN

Time-to-Readmission

Hospitals Quintiles by ICU
Utilization for PN patients

Multivariate Estimate OR or HR [unless otherwise
noted] (95% CI) (p-value)
Day 7 Daily Risk:
HF: 1.17 (1.16,1.18)
AMI: 0.97 (.95, .99)
PN: 0.86 (.84,.87)
Day 15 Risk:
HF: 0.92 (.90,.93)
AMI: 0.60 (.59,.62)
PN: 0.65 (.64,.66)
[AMI: 9.8-10.1 days]
[HF: 12.1-12.6 days]

Day 30 Risk:
HF: 0.67 (.66,.68)
AMI: 0.41 (.39, .42)
PN: 0.44 (.43,.45)

0-15 days:
[AMI: 67.6%] (NR)
[HF: 61.0%] (NR)
[PN: 62.6%] (NR)
[Risk highest for all age groups between 2-5 days for all
condition] (NR)

Factor Category

Citation
(25) Lee, J. S.; Nsa, W.;
Hausmann, L. R.., et al.
(2014)
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Post-Discharge
Follow-up

Hospital Structure

(3) Brooks-Carthon, J.M.,
Lasater, K.B., Rearden, J.,
et al (2016)
(1) Bergethon, K.E., Ju,
C., Devore, A.D., Hardy,
N.C., et al. (2016)
(14) Hernandez, A. F.;
Greiner, M. A.; Fonarow,
G. C., et al. (2010)
(15) Hess, C. N.; Shah, B.
R.; Peng, S. A.; Thomas,
L.; Roe, M. T.; Peterson,
E. D. (2013)
(1) Bergethon, K.E., Ju,
C., Devore, A.D., Hardy,
N.C., et al. (2016)
(18) Joynt, K. E.; Orav, E.
J.; Jha, A. K. (2011)

Condition

Specific Factor

PN

PN Core Measures

AMI

Readmission risk for every 10%
increase in undone nursing care for
black patient

HF

% referral to HF disease management
program

HF

7-day follow-up by a physician per
Hospital Quintile

AMI

7-day post-discharge appointments
by Hospital Level

HF

Teaching Hospital Status

HF

Hospital Structure

Multivariate Estimate OR or HR [unless otherwise
noted] (95% CI) (p-value)
ABX < 6 hours:
.90 (.89,.92)
Appropriate ABX:
ICU: .91 (.87,.95)
non-ICU: .84 (.82,.86)
Blood cultures:
within 24hrs ICU: .96 (.91,1.01)
before ABX in ED: .97 (.95,.99)
Smoking Cessation Counseling:
0.88 (.84, .92)
Pneumococcal vaccination:
1.00 (.99,1.02)
Risk-adj.
1.16 (1.06-1.27)

-0.02 (-0.03,-0.00) p=.04
Hospital Q1 (worst): REF
Hospital Q2: 0 .85 (0.78, 0.93) p<.001
Hospital Q3: 0.87 (0.78,0.96) p=.005
Hospital Q4 (highest): 0.91 (0.83,1.00) p=.05
Full risk-adjustment:
Lowest level: 0.93 (0.82,1.06)
Mid-level: 0.93 (0.81,1.05)
Highest level: 0.99 (0.86,1.14)
Relative % Change:
3.54 (0.03,7.05) p=0.05
Full-risk adjustment:
Ownership
Public: 1.5 (1.2,1.8)p<.001
For-profit: 1.9 (1.5,2.4)p<.001
Services
None: 3.0 (2.2,4.1)p<.001
Partial: 1.7 (1.3,2.3)p<.001
Size
Small: 2.3 (1.5,3.5)p<.001

Factor Category

Citation
(23) Kociol, R. D.;
Hammill, B. G.; Fonarow,
G. C. (2010)
(26) Li, Y.; Glance, L. G.;
Lyness, J., et al. (2013)

Condition

Specific Factor

HF

Hospitals participating in ADHEREHF Registry

AMI

Hospitals without Invasive Cardiac
Services

(19) Joynt, K.E., Orav,
J.E., & Jha, A.K. (2011)

AMI
HF
PN

(31) Rodriguez, F.; Joynt,
K. E.; Lopez, L. et al.
(2011)

AMI
HF
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Staffing

(17) Joynt, K.E. & Jha,
A.K. (2011)
(12) Giuliano, K.K.;
Danesh, V; Funk, M.
(2016)
(29) McHugh, M.D.;
Chenjuan, M. (2013)

Work Environment

(20)
Jungerwirth,R.;Wheeler,S.
B.;Paul,J. E., et al. (2014)
(22) Kociol, R. D.;
Hammill, B. G.; Fonarow,
G. C., et al. (2013)
(29) McHugh, M.D.;
Chenjuan, M. (2013)

Minority-Serving Hospitals

Minority-Serving Hospitals:
Hispanics
Model 1: Pt Characteristics (Char.)
Model 2: Pt Char. + LOS
Model 3: Pt/Hosp. Char. + LOS +
AMI/HF HQA Score

HF

Nurse Staffing

HF

Nurse Staffing

AMI
HF
PN

Nurse Staffing

AMI
HF
PN
HF
AMI
HF
PN

Change in Readmission Rates based
on Hospitalists
Association with 10% Increase in
Staffing: (1) Hospitalists
(2) Cardiologists
Nurse Work Environment

Multivariate Estimate OR or HR [unless otherwise
noted] (95% CI) (p-value)
Adjusted Hazard Ratios:
All-Cause: .94 (.93, .94)
C/V: .96 (.95,.97)
Risk-Adj.
Any Mental Illness: 1.74 (1.61,1.88)p<.001
Psychiatric Disorder: 1.74 (1.61,1.88)p<.001
Substance Use Only: 1.78 (1.27,2.50)p<.001
Dual Diagnosis: 1.72 (1.26,2.35) p<.001
No Mental Illness (REF)
1.23 (1.20,1.27) p<.001 regardless of race
HF:
Model 1: 1.18 (1.14,1.23) p<.001
Model 2:1.15 (1.11,1.20) p<.001
Model 3: 1.09 (1.05,1.14) p<.001
AMI:
Model 1: 1.20 (1.12,1.28) p<.001
Model 2: 1.13 (1.06,1.20) p<.001
Model 3: 1.08 (1.01,1.16) p<0.05
Full-risk adjustment:
Lowest: 2.4 (2.0,3.0)p<.001
Next Lowest: 1.4 (1.1,1.7)p=.005
Mean excess readmissions ratios:
Low nurse staffing (0-1.5 nurses/pt): 0.992 (p=.02)
High nurse staffing (>1.5 nurses/pt): 0.976
Patients Per Nurse
HF: 1.07 (1.05,1.09) (p<.001)
AMI: 1.09 (1.05-1.13) (p<.001)
PN: 1.06 (1.03-1.09) (p<.001)
AMI:- 0.182 (-0.343 to 0.022) (p=.05)
HF: -0.575 (-0.763 to 0.387 (p=.001)
PN: -0.228 (-0.380 to 0.075) (p=.01)
Risk-adj.
(1) 0.99 (0.97,1.01)p=.31
(2) 1.00 (0.98,1.02)p=.90
HF: 0.93 (.89-.97)(p= .001)
AMI: 0.94 (.88-.98) (p=.01)
PN: 0.90 (.85-.96) (p<.001)

Table 2.5. Patient-Level Factors
Factor
Category

Citation

Conditio
n

Specific Factor

Multivariate Estimate OR HR [unless otherwise noted]
(95% CI) (p-value)

Individual
Predisposing:
Demographics:
Age

(6) Dharmarajan, K., Hsieh,
A.F., Lin, Z., et al (2013)

Age (65-74 years old (REF))

74

(21) Keenan, P.S., Normand,
S.T., Lin, Z., et al (2008)
(28) Lindenauer, P.K.,
Normand, SL.T., Drye, E.E.,
et al (2011)
(30) Ranasinghe, I.., Wang,
Y. Dharmarajan, K., et al.
(2014)

AMI
HF
PN

Age (> 65 years old (REF))

AMI
HF
PN

Males (REF)

(6) Dharmarajan, K., Hsieh,
A.F., Lin, Z., et al (2013)

HF

Males

AMI

Males

PN

Males

AMI

Blacks

AMI
HF
PN

Whites (REF)

HF

Blacks

Gender

Race

AMI
HF
PN

(21) Keenan, P.S., Normand,
S.T., Lin, Z., et al (2008)
(24) Krumholz, H.M., Lin,
Z., Drye, E.E., et al (2011)
(28) Lindenauer, P.K.,
Normand, SL.T., Drye, E.E.,
et al (2011)
(3) Brooks-Carthon, J.M.,
Lasater, K.B., Rearden, J., et
al (2016)
(6) Dharmarajan, K., Hsieh,
A.F., Lin, Z., et al (2013)
(11) Eapen, Z.J., Liang, L.,
Fonarow, G.C., et al (2013)

PN

75-84 years
> 85 years
Mean age = 65 years (REF)

Hazard ratio:
75-84:
HF: 1.02 (1.02,1.03)
AMI: 1.01 (0.99, 1.02)
PN: 1.02 (1.02,1.03)
0.95 (0.91,0.99)
0.87 (0.83,0.92)
0.997 (0.993,1.000)

> 85:
HF: 1.02 (1.02,1.03)
AMI: 1.00 (0.98, 1.01)
PN: 1.04 (1.03,1.05)

Adjusted hazard ratio (< 65 yr. old):
HF: .99 (.97,1.02) 95%
PN: 97 (.94,1.01) 95%
AMI: 92 (.87,.96) 95%
Comorbidity-adj. hazard ratios:
HF: 0.98(0.97,0.99)
AMI: 0.99 (0.98,1.00)
PN: 1.00 (1.00, 1.01)
1.01 (0.99,1.03) (Adm. Model)
0.94 (0.90,0.98) (Medical Model)
0.88 (.85,.91) (Adm. Model)
0.92 (.89,.94) (Medical Model)
1.073 (1.048,1.099) (Adm. Model)
1.130 (1.075,1.188) (Medical Model)
Unadj.: 1.33 (1.22,1.45) (p<.001)
Pt factors adj.: 1.21 (1.1,1.33) (p<.001)
Pt + hosp. factors adj.: 1.16 (1.06,1.27) (p<.01)
Black:
Other:
HF: 0.97 (0.96,0.99)
HF: 0.99 (0.97-1.00)
AMI: 0.98 (0.97,1.00)
AMI: 0.98 (0.96-1.01)
PN: 0.99 (0.98,1.01)
PN: 0.99 (0.97-1.01)
1.11 (1.01,1.22) 95%

Table 2.5. Patient-Level Factors
Factor
Category

Citation

(17)Joynt, K.E., Orav, J.E.,
& Jha, A.K. (2011)

Conditio
n

Specific Factor

Blacks

HF

White (REF)

75

AMI
HF
PN

Race and
Ethnicity

(10) Eapen, Z.J., McCoy,
L.A., Fonarow, G.C., et al
(2015)

Hispanics
(31)Rodriguez, F.; Joynt, K.
E.; Lopez, L.; Saldana, F.;
Jha, A. K. (2011)

AMI
HF

Model 1: Patient
Characteristics
Model 2: Patient
Characteristics and LOS
Model 3: Model 2 + Hosp Char
+ HQA or AMI score

Multivariate Estimate OR HR [unless otherwise noted]
(95% CI) (p-value)
All-Cause:
AMI: 1.14(1.11,1.17) (p<.001)
HF: 1.04(1.03,1.06) (p<.001)
PN: 1.14(1.12-1.17) (p<.001)
If within a minority-serving hospital:
AMI: 1.36 (1.29,1.43) (p<.001)
HF: 1.20 (1.16,1.24) (p<.001)
PN: 1.35 (1.30,1.40) (p<.001)
Same-Cause:
AMI: 1.13 (1.07,1.20) (p<.001)
HF: 1.11 (1.09,1.13) (p<.001)
PN: 1.02 (0.98,1.10)*
If within a minority-serving hospital:
AMI: 1.25 (1.11,1.40)
HF: 1.14 (1.09,1.18)
PN: 1.02 (0.92,1.14)* Non-significant at p=0.008 level
Hispanic
1.14 (1.02,1.28) (p=0.02) (Race only)
NS for Race + SES
Black
1.10 (1.10,1.19) (p=.024) (Race)
NS for Race + SES
Other
0.75 (0.64,0.89) (p<.001) (Race)
0.74 (0.63,0.88) (p<.001)
In Non-Hispanic serving hospitals
HF:
Model 1: 1.06 (1.01,1.13) p<.05
Model 2: 1.06 (1.01,1.13) p<.05
Model 3: 1.08 (1.02,1.14) p<.05
AMI:
Model 1: 1.12 (1.03,1.22) NS
Model 2: 1.10 (1.01,1.20) p<.05
Model 3: 1.11 (1.02,1.20) p<.05

Table 2.5. Patient-Level Factors
Factor
Category
Enabling:
Income
(Insurance
Proxy)
Need:
Clinical Signs

Citation
(9) Doll, J.A., Hellkamp,
A.S., Goyal, A., et al (2016)

Conditio
n
AMI

Specific Factor
Dual-eligible (Medicare and
Medicaid)

HF

Clinical Labs or Vital Signs

(16) Hummel, S.L.,
Katrapati, P., Gillespie,
B.W., et al (2014)

HF

Clinical Labs or Medical
History

HF

Clinical Labs or Vital Signs

AMI

Clinical Labs

PN

Clinical Labs or Condition

AMI

Mental Illness
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(11) Eapen, Z.J., Liang, L.,
Fonarow, G.C., et al (2013)

(21) Keenan, P.S., Normand,
S.T., Lin, Z., et al (2008)

(24) Krumholz, H.M., Lin,
Z., Drye, E.E., et al (2011)

(28) Lindenauer, P.K.,
Normand, SL.T., Drye, E.E.,
et al (2011)
Comorbidities

(4) Cai, X. & Li, Y. (2013)

Multivariate Estimate OR HR [unless otherwise noted]
(95% CI) (p-value)
hazard ratio:
1.16 (1.06, 1.26) (p=.001)

HGB 10-14 g/dL: 0.91 (0.89,0.93)
At discharge:
Sodium 135-140 (per 5 mEq/l): 0.78 (0.73,0.83)
Creatinine 1-2.5 (per 1 mg/dl) 1.12 (1.05,1.19)
Admission:
Systolic BP < 150 (per 10 mm Hg): 0.95 (0.93,0.96)
No time frame:
HR <80 (per 10 beats/min): 1.11 (1.07,1.15)
BUN (per 10 mg/dl): 1.05 (1.03,1.07)
Trop abn: 1.15 (1.07,1.23)
BNP (per 500 pg/mL): 1.02 (1.01,1.04)
H/o of HF: 2.06 (1.48,2.87) p<.001 (CMS model)
H/o cardiac arrest 6.71 (1.3,34.68) p=.02 (CMS+prior adm.
Sodium < 130 mg.dL 1.65 (1.05,2.60) (p=.03) (CMS)
1.76 (1.07,2.88) (p=.03) (prior adm improves CMS model)
Hct < 30%: 1.38 (1.02,1.86) p=.04 (CMS)
RR > 25 1.04 (1.00,1.09)
HR > 100 1.08 (1.03,1.13)
SBP<125mmHg 1.17 (1.12,1.22)
BUN >40 or CR>2.5 1.40 (1.34,1.47)
HCT <30% 1.22 (1.16,1.30)
WBC per mm3 1.15 (1.09,1.23)
Hct < 30% 1.15 (1.08,1.22)
Sodium <130 mg/dL 1.21 (1.12,1.30)
Medical Model:
WBC > 12 b/µL: 0.934 (0.848, 1.029)
WBC 6-12 b/µL: 0.979 (0.889,1.079)
BUN > 30 mg/dl: 1.174 (1.1, 1.252)
Pleural effusion: 1.179 (1.111,1.251)
Adjusted:
low-quality hospital:
1.13 (0.94,1.35)
high-quality hospital:
1.12 (1.01, 1.23)

Table 2.5. Patient-Level Factors
Factor
Category

Citation
(26) Li, Y., Glance, L.G.,
Lyness, J. M.., et al. (2013)

(21) Keenan, P.S., Normand,
S.T., Lin, Z., et al (2008)

Conditio
n

Specific Factor
Mental Illness
(Admitted to Hospital with
Invasive Cardiac Services)
No Mental Illness (REF)

HF

Cardiovascular and Other
Comorbidities

AMI

Comorbidities

PN

Comorbidities
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AMI

(24) Krumholz, H.M., Lin,
Z., Drye, E.E., et al (2011)

(28) Lindenauer, P.K.,
Normand, SL.T., Drye, E.E.,
et al (2011)

Multivariate Estimate OR HR [unless otherwise noted]
(95% CI) (p-value)
Adjusted:
Any Mental Illness: 1.74 (1.68,1.80)p<.001
Psychiatric Disorder: 1.77 (1.71,1.84)p<.001
Substance Use Only: 1.06 (0.90,1.23)p=.494
Dual Diagnosis: 1.95 (1.70,2.24) p<.001
C/V:
Athero 1.09 (1.06,1.11)
Arrythmias 1.06 (1.04, 1.08)
Valvular and RHD 1.08 (1.06,1.11)
Other:
Other GI disorders 51.12% 1.06 (1.04, 1.08)
Diabetes 1.08 (1.06, 1.11)
COPD 1.17 (1.14,1.19)
Anemia 1.09 (1.06,1.11)
Urinary Tract Disorders 1.12 (1.10,1.15)
h/o CAD 1.16 (1.11,1.21)
Diabetes (any) 1.07 (1.02,1.11)
CVA 1.06 (1.02,1.12)
CHF 1.22 (1.17,1.26) (Adm Model)
1.15 (1.10,1.21)
DM and DM complications 1.21 (1.17,1.25)
Renal Failure 1.17 (1.11,1.22)
COPD 1.26 (1.21,1.30) (Adm Model)
1.18 (1.14,1.22)
Metastatic Cancer and acute leukemia 1.17 (1.05,1.31)
Adm Model:
COPD: 1.205 (1.175,1.235)
Other GI disorders 1.076 (1.051,1.102)
Atherosclerosis: 1.053 (1.027,1.079)
Iron def/anemia: 1.126 (1.099,1.153)
Other lung disorders: 1.005 (1.003, 1.075)
HF: 1.163 (1.133, 1.194)
Vascular or circulatory: 1.092 (1.066,1.119)
Diabetes and DM complications: 1.061 (1.036, 1.087)
H/o infection: 1.071 (1.045, 1.097)
Disorders of fluid/electrolytes: 1.160 (1.131, 1.191)
Medical:
Chronic lung disease: 1.147 (1.086, 1.211)

Table 2.5. Patient-Level Factors
Factor
Category

Nonindependent
Living
Functional
Ability

Prior
Admission
History

Citation

Conditio
n

(28) Lindenauer, P.K.,
Normand, SL.T., Drye, E.E.,
et al (2011)

PN

(13) Greysen, S.R., Cenzer,
I.S., Auerbach, A.D., et al,
(2015)

AMI
HF
PN
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(16) Hummel, S.L.,
Katrapati, P., Gillespie,
B.W., et al (2014)

HF

Specific Factor

Nursing home resident prior to
admission

ADLs

Prior admissions within 12
months

Multivariate Estimate OR HR [unless otherwise noted]
(95% CI) (p-value)
CAD: 1.162 (1.1, 1.227)
H/o HF: 1.264 (1.194, 1.339)
Dementia/AZ: 1.133 (1.052,1.222)
1.036 (0.963,1.114)

(1) No functional impairment: 16.9%
(2) Difficulty with > 1 IADL: 16.5% 0.97 (0.66,1.44)
(3) Difficulty with > ADL: 18.8% 1.14 (0.82-1.58)
(4) Dependency in 1-2 ADLs: 18.4% 1.11 (0.77-1.61)
(5) Dependency in > 3 ADLs: 25.7% 1.70 (1.04-2.78)
Sole variable is prior admissions:
1: 4.50 (3.28-6.17) P<.001
2+: 6.38 (4.94-8.22) P<.001
Combined with CMS model:
1: 4.67 (3.37-6.46) P<.001
2+: 6.49 (4.93-8.55) P<.001

Discussion
This review aimed to illustrate trends in readmissions across the first HRRP Final
Rule and although it has been over five years since its implementation, the vast majority
of included studies utilized data prior to this 2012 implementation date. However, 72
percent of the articles were published after 2012, likely influencing the posed research
questions and synthesis of results. Nonetheless, it was not possible to conclusively
determine readmission trends as associated with factors for the target conditions pre- and
post-the first HRRP Final Rule, given the paucity of findings from data collected after its
implementation.
Another part of this review’s aim was to examine factors by various definitions of
readmission but none of the included studies analyzed potentially preventable
readmissions (PPRs) for the three target conditions. All studies examined all-cause
readmissions, and in the 25 percent of these that also analyzed same- or related-cause
readmissions, it was typically via secondary analyses only. It is conceivable that research
interests shifted to all-cause readmission since CMS’ adoption of this methodology for
determining excess readmission rates. It is surprising, however, that studies measuring
PPRs weren’t more proliferative in the respective literature since CMS also reports the
percentage of target condition readmissions that are potentially preventable using the
3M™ PPRs Grouping Software.92 Without further longitudinal study regarding the
evolution of factors associated with readmissions deemed potentially preventable for
these target conditions (since originally identified as those with the greatest readmission
risk), it will be difficult to advance prevention strategies. Although it remains somewhat
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elusive to definitely determine those readmissions that are preventable in nature; it has
been suggested that patients should have a voice in this process.169 In this review, all
included studies were retrospective and quantitative in design; future studies would likely
benefit from including qualitative methods aimed at gaining the input from
patients/caregivers/providers. In a recent study examining the perceptions of HF patients
of all ages regarding disease management, investigators found discordance among
clinicians, patients, and caregivers.170 Further intervention development could benefit
from the insights of all who are involved during the transition from hospital to postdischarge settings, regarding modifiable factors contributing to the risk for PPRs. Equally
important is ascertaining whether readmission or OBS stays provide relief to
patients/caregivers who are grappling with disease management, and determining
whether readmission rates can be further lowered without sacrificing other outcomes e.g.,
mortality rates or quality of life.
Although somewhat limited by a heavy reliance on administrative data in the
selected literature, we were able to elucidate significant findings regarding factors
associated with readmission risk as guided by Andersen’s Behavioral Model of Health
Services Use. Since selected studies were of high quality, and utilized samples
representative of the current Medicare Beneficiaries profile, findings are likely
generalizable for understanding aspects of readmission risk for most older adults.
Although both organization/systems-level (contextual) and patient-level factors
associated with readmission risk for target conditions were identified, most of the
selected literature focused on contextual factors (especially processes of medical care
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delivery), suggesting that investigators suspected healthcare policies, and particularly
hospital performance, influenced readmission outcomes.
Predisposing Factors
At the contextual-level, only one study examined the predisposing impact of
education and type of employment on readmission risk. Consistent with findings from a
systematic review examining social factors associated with readmission risk for HF and
PN,171 older adults living in communities in which the education level was slightly
higher, were less likely to be readmitted for HF. Other investigators have suggested that
less education may affect patients’ capacity for adherence to treatment plans, and in these
cases, readmission may actually provide for safer and more effective care.172,173
In studies examining individual-level predisposing sociodemographic factors,
there were mixed results. Age and gender were inconsistently related to readmission risk.
Previous studies have shown that age is not clearly linked to short-term hospital
readmission and may be condition-specific.174,175 In the four studies examining age, it
appeared that AMI readmission risk rises with age, which may be explained by greater
disease burden, and treatment complications seen more commonly in older adults.176,177
In contrast, adults older than 85 years of age had lower HF readmissions (unless postAMI), which may be related to evidence that younger adults with HF have comparatively
worse left ventricular function.178,179 Furthermore, mortality rates remain higher for older
adults with HF likely impacting readmission rates.180 In this review, PN readmissions
were not found to be related to differences in age (in two studies), suggesting that factors
other than age are contributory to readmission risk. Furthermore, the effect of gender
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also appeared to be contingent upon the specific condition itself, whether administrative
or medical data were analyzed, or possibly on other unobserved confounding variables
e.g., caregiver availability.
Race and ethnicity were linked with not only risk for all-cause, but also for sameor related-cause readmissions implying that improved management of either comorbid or
target conditions is warranted, particularly in certain populations. In a few studies, blacks
and Hispanics were readmitted more often than their white counterparts even when
hospital characteristics were considered; however once adjustments for SES and
comorbid conditions were made (in two of the studies), these relationships were no
longer statistically significant, suggesting that race and ethnicity are not consistently
independent factors.
Enabling factors
Three studies separately examined the contextual enabling factor of aggregate
measures of median income i.e., state-level, or by zip-code, on readmissions for target
conditions, although this effect was somewhat conflated with different measures of SES.
When risk was assessed considering the hospital share of serving poor patients i.e., safety
net status, proportion of dual Medicaid-eligible patients, results were mixed. In one
study, state-level income inequality, and in another study, hospital location within
counties with a lower median income, were associated with higher readmission rates.
This was no longer the case once the hospital proportion of dual-Medicaid eligible
patients was included in the model in two out of the three studies. The effect of income
seems dependent upon not only the methods utilized for SES measurement, but since
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calculated at the aggregate level, may be due to local area factors i.e., less available
services in hospitals located in low-income neighborhoods, or differential access to care
based on regional SES.172,181 Furthermore, aggregate SES proxy measurements are
associated with potential bias when estimating coefficients of individual SES, and should
be interpreted with caution.182,183 Only one study measured an individual-level enabling
factor, and found that despite medication adherence, dual-Medicaid eligible AMI patients
had greater readmission risk, suggesting lower income is impactful in other ways i.e., less
access to consistent and skilled medical care.172,181,184
Need factors
Different points in the post-discharge period seem to be significantly associated
with readmission risk (contextual need) although only examined in four studies. Risk for
readmission was estimated highest between days two-to-five post-discharge for all target
conditions. Furthermore, 60-70 percent of these readmissions occurred by 15 days,
suggesting that interventions aimed at managing care transitions remain essential. In
older adults, the continued risk for HF readmission extends beyond 30 days, not only
substantiating the 30-day CMS timeframe for excess readmission determination, but also
demonstrating the need for services extending beyond 30-days.
In addition to the contextual frame of timing on risk for readmission, certain
patient-level clinical factors and comorbidities were associated with individual need for
readmission across target conditions. HF, CAD, COPD, anemia and RF composed the
greatest proportion of readmission diagnoses; however most causes of readmission were
of small proportion and diverse, demonstrating the complexity of predicting risk based on
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readmission diagnosis. Nonetheless, having clinical decision support (CDS) mechanisms
that identify patients with high-risk comorbid conditions can aid clinicians in appropriate
PAC planning.
Although only separately examined in a few studies, other clinical factors i.e.,
hyponatremia, prior admission history or cardiac arrest, or deficits in ADLs strongly
increased the risk for readmission. These findings are consistent with other literature
recognizing the significant association of prior hospitalizations,185,186 and functional
decline,11,187-189 on higher rates of readmission for older adults. Of note, cardiac arrest
history and functional decline are not measured in administrative claims data. Most of
the data in this review were derived from administrative claims datasets, and although the
included prediction studies demonstrated parity between administrative and clinical
models, most performed poorly consistent with findings from a systematic review
examining risk prediction models.190 Other studies have demonstrated that adding
clinical data to administrative readmission risk prediction models does not improve
results,191 however, some of these important unmeasured factors, might improve
predictability calling for further research. Furthermore, these clinical factors are not
prominently located in electronic health records and, in fact, often discharge planners
have separate documentation systems.192 CDS tools that provide early notice to
discharging providers signaling patients at increased risk for readmission due to these
clinical risk factors, are essential for mitigating readmission risk.
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Health Behaviors: Processes of Medical Care
A number of studies focused on processes of medical care linked with
readmission risk i.e., type of hospital setting or services. Hospitals that had high ICU
utilization (for PN), low invasive cardiac services (for AMI and HF), served a higher
proportion of minority populations, or had less related patient volume (HF), were more
likely to have higher readmission rates. Hospital performance deficits measured as either
higher excess readmission rates, low adherence to core quality process measures, poor
nurse staffing and work environments, or unmet nursing needs were all associated with
greater readmission risk. These largely modifiable factors should be considered by
hospitals as they continue to develop readmission reduction strategies; contemporary
evidence shows that hospitals still have progress to make in implementation of such
tactics.50 Health care policies that also incentivize hospitals to address internal process
measures may help to improve outcomes. Furthermore, inconsistent evidence regarding
other measures of hospital performance e.g., the mixed effect of early primary care
physician follow-up on readmission likelihood, suggests the need for future research that
includes other providers not previously studied e.g., nurse practitioners, physician
assistants, or partnerships with other PAC providers, for all target conditions. For
example, Murtaugh and colleagues found that early and intensive HHC services coupled
with a timely primary care provider visit, lowered readmission risk by eight percentage
points for eligible Medicare beneficiaries with HF.193
In this review, there was a dearth of literature examining the association of PAC
services and readmission risk for older adults with these target conditions. As PAC
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services comprise the fastest growing sector of Medicare spending,194 and vertical
integration between hospitals and PAC providers increase,195 it is imperative to fully
understand the effects on older adults most likely to be readmitted. It is now known that
formal hospital partnerships with SNFs increase Medicare payments but also reduce
overall readmission rates.195 However, vertical integration between hospitals and HHC
agencies to-date has had little effect,195 therefore judicious use of PAC services is
especially warranted, and strategies regarding collaboration should be informed on
utilization by those with the target conditions.
Although the HRRP certainly spurred necessary reduction efforts, rates have
plateaued and costs are shifting to PAC services without a large body of foundational
evidence for these specific target conditions. It has also been suggested that readmission
rates may have artificially declined after HRRP implementation due to changes in coding
measures that exclude certain patients and capture more comorbidities.196 Although
additional conditions have been added to recent HRRP Final Rules, it is essential to
follow trends in the originally selected target conditions to ascertain progress or the lack
thereof, and to deepen our understanding of contributing factors by widening our research
efforts to include factors beyond those available in administrative data alone.
As with any literature review, it is conceivable that despite a well-designed search
strategy, some studies were missed and therefore not included in this review. There were
some studies likely informative but included either international datasets or focused on all
age groups without stratified analysis of older adults. Given that much of the selected
research for Medicare beneficiaries for the original target conditions relied on large
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administrative datasets, even factors with the smallest effect sizes may have reached
statistical significance but not clinical relevance e.g., small changes in index LOS, and
were therefore not included in these findings. It is also possible that a full and recent
understanding of factors associated with readmission risk is still obscure given the
limitations of these type of data.
Conclusion
Overall, factors associated with the readmission of older adults for the three target
conditions were focused on either systems-level processes of medical care delivery, or
patient-level need factors. Hospital characteristics i.e., greater hospital proportion of
serving minority patients, lack of advanced cardiac services, and hospital performance
deficits i.e., poor nurse staffing or adherence to core quality process measures, heightened
readmission risk. There was a dearth of literature, however, examining the association of
other settings or providers e.g., PAC services, on readmission risk. Patient-level clinical
need factors i.e., functional decline, history of prior hospitalizations, also increased
readmission risk.
Some of the literature also focused on predisposing sociodemographic factors i.e.,
age, gender, race/ethnicity, with mixed results for association with readmission risk.
Contextual or individual enabling factors were not widely studied in the selected
literature; those studies that examined aggregate income levels also had disparate
findings. Fittingly, Andersen and colleagues suggest that hospital services utilization is
more likely explained by need and predisposing demographic characteristics.
Furthermore, although somewhat controversial, since excess readmission is considered a
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measure of the quality of healthcare delivery, it is not surprising that much of the
literature centered on processes of medical care.
Most of the current literature analyzed administrative data pre-dating the first
HRRP Final Rule, and predominately examined all-cause readmission, making the
determination of trends by various readmission definitions unattainable. This
underscores the need for continued research for older adults with target conditions that
(1) examines current data that include significant clinical variables, e.g., functional
decline, prior admission history (2) specifically analyzes readmissions that are potentially
preventable, and (3) considers the input of patients and their caregivers, as well as various
types of clinicians engaged in discharge and transitions processes, across PAC settings.
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CHAPTER 3: PAPER 2
THE ASSOCIATION OF DISCHARGE DISPOSITION
WITH TIME-TO-ACUTEHEALTHCARE UTILIZATION
WITHIN THIRTY DAYS OF HOSPITAL DISCHARGE
Abstract
Objective: Examine timing and rates of post-discharge 30-day acute healthcare
utilization by discharge disposition. Compare patient characteristics across discharge
disposition and by inpatient (IP) readmission.
Methods: Retrospective analysis of hospital administrative and clinical data for 3,294
patients.
Results: Patients discharged to a facility had higher IP readmission rates and returned
sooner, especially within 24 hours. Those discharged with home healthcare (HHC)
services returned for emergency department/observational unit (ED/OBS) stays more
often. Differences in patient characteristics were observed especially for those who
returned from facility within 24 hours who were younger, had less chronic illness burden,
but greater and recent decline in functional status.
Discussion: It appears the sickest patients were referred for PAC services but despite
this disposition, patients with greater chronic illness burden were most often readmitted.
Most readmissions occurred within 14 days suggesting that interventions should focus on
smoothing transitions in care across discharge disposition. In addition to unique patient
differences, readmissions from facility within 24 hours suggest systems factors are
contributory.
Conclusion: Readmissions and return ED/OBS occurred earlier in the post-discharge
period across discharge disposition. Interventions aimed at aligning patient need with the
right PAC services at the right time is essential.

89

Introduction
The utilization of acute healthcare services i.e., inpatient (IP) readmission,
emergency department (ED) or short-term observational (OBS) stays, by older adults
within 30-days of hospital discharge, has continued to garner increased attention by
healthcare providers and policymakers alike. Not only is utilization prevalent, and
expensive, but it potentiates fragmentation in care delivery known to be hazardous,
especially for vulnerable older adults. As one effort to curb utilization, older adults are
often referred for post-acute care (PAC) services i.e., home healthcare (HHC), skilled
nursing facilities (SNFs), or inpatient rehabilitation facilities (IRFs), but return healthcare
utilization rates from these settings are also substantial and may be potentially
preventable in nature.
Background and Significance
Post-discharge Acute Healthcare Utilization
Hospital readmission rates within 30 days of discharge from an index
hospitalization for high-volume medical conditions (acute myocardial infarction (AMI),
heart failure (HF), and pneumonia (PN)) targeted by the Centers for Medicare and
Medicaid (CMS), averaged 17.8 percent in 2015,31 accounting for at least $15 billion of
Medicare spending.32 Although this is an improvement over the past five years, it is also
estimated that at least 25 percent of IP readmissions among chronically ill older adults are
considered preventable,34 and could be avoided with the provision of high quality
hospital care, adequate discharge planning and post-discharge care coordination.36
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Vashi and colleagues found that approximately 18 percent of adult hospital
discharges were followed by at least one hospital-based acute care encounter within 30
days, including 147.6 IP readmissions and 97.5 ED “treat-and release” visits per 1000
discharges.51 Furthermore, for the most common hospital discharge diagnoses, they
concluded that the reason for the ED visit was most frequently related to the index
admission. 51,197 Medicare beneficiaries were readmitted from the ED at a rate of 196.9
for every 1000 discharges,51 and if due to the index admission, these readmissions are
more likely to be considered potentially preventable.92
OBS stays for CMS targeted conditions rose from 2.6 percent in 2007 to 4.7
percent in 2015,31 with most of these originating from the ED.24 Designed for monitoring
patients to decide whether an IP admission is necessary, many older adults are
subsequently admitted. About one third of Medicare beneficiaries with OBS stays in
2014, were later admitted for an IP stay.26 The extent to which readmissions, after an
OBS stay, are potentially preventable is not well-understood, but those that occur closer
to the time of hospital discharge e.g., 7 or 15 days, are more often characterized as such.92
Evidence regarding whether any declines in IP readmission rates are due to a shift to
OBS stays is incongruent,20,31,53,55 and further substantiates the need to examine this type
of utilization to gain a comprehensive understanding of all acute healthcare utilization
within 30 days of discharge.
Post-Acute Care Services
Approximately 41 percent of Medicare Fee-For-Service (FFS) beneficiaries
receive some type of PAC services after hospitalization.194 Of these, 20 percent is
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attributed to care rendered in a SNF, 17 percent for HHC services, and 4 percent for IRF
care.198 In 2015, Medicare spending for PAC services totaled $60 billion, more than
doubling since 2001, and currently comprises the fastest growing sector of Medicare
spending.194 The recent growth in PAC spending is mostly due to increased utilization
largely driven by efforts to reduce hospital readmissions.59 There is, however, wide
variation in PAC spending; according to the Institute of Medicine’s recent report on
geographic variation in Medicare spending.63 PAC utilization is the largest driver of
overall variation,64,74 with most of the variation due to care rendered by HHC agencies
and more notably, in SNFs.65 Local provider preferences and practice norms greatly
influence the selection of facility type e.g., SNF versus IRF, and resultant outcomes i.e.,
readmissions, resulting in wide spending variation.70,71
In 2015, approximately 3.5 million beneficiaries received HHC services equating
to $18.1 billion in spending. Furthermore, from 2001 to 2015, those HHC episodes
occurring after a hospitalization or PAC facility stay, increased 15.8 percent.199 After an
analysis of Home Health Compare data, Wang and colleagues reported that unexpected
hospitalizations in Medicare beneficiaries receiving HHC services has not significantly
improved between 2011 and 2015.68
Approximately 50 percent of all Medicare spending on PAC services is attributed
to care rendered in comparatively more expensive SNFs.74 In 2015, 1.7 million Medicare
FFS beneficiaries were admitted to SNFs, and from 2001 to 2015, annual Medicare
spending increased from $12 to $29.8 billion for this care.200 Between 2014 and 2015,
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SNF admissions per Medicare FFS enrollee increased by three percentage points mainly
due to increased admissions from hospitals.200
In a retrospective analysis of Medicare Current Beneficiary Survey data from
2003 to 2009, Burke and colleagues reported a 30-day IP readmission rate of 22.8 percent
from PAC facilities.71 Many factors influence the risk for readmission from PAC
facilities including the patient’s condition, the availability and quality of PAC facility
resources,201,202 and the historical lack of mutual accountability between hospitals and
PAC facilities.203 Those older adults referred to PAC facilities tend to be older, have
more comorbidities, more polypharmacy, and more functional and cognitive deficits, also
associated with greater risk of IP readmission from a PAC facility.204-206 Furthermore,
choice of SNF also impacts IP readmission rates; patients discharged to SNFs with lower
IP readmission rates tend to return to the hospital less frequently regardless of the
hospital’s readmission performance.207 Until the CMS Medicare Bundled Payment Care
Initiative (BPCI),62 there was little financial motivation for hospitals to partner with PAC
providers. Under a mutual-savings program such as BPCI, hospitals are incentivized to
align the appropriate level of PAC services for patients, and share accountability for poor
outcomes i.e., early readmissions, and collaborate to ensure smooth transitions.74 For
example, hospitals are creating preferred provider networks with higher quality SNFs that
have demonstrated improvements in readmission reduction. Due to a shared incentive to
maximize Medicare payments, formal integration between hospitals and SNFs has been
shown to result in shortened hospital stays (where care is more expensive) to longer SNF
admissions with concurrent reductions in hospital readmissions.195
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Despite progress in clinical decision support (CDS) for PAC services
referrals,75,208,209 decisions regarding hospital discharge disposition are often rushed and
made close to the time of discharge potentially limiting timely PAC access,210 are not
often based on well-defined criteria,41 and are frequently due to non-clinical factors i.e.,
local practice patterns, patient/family preferences.211 This can lead to (1) over-utilization
of PAC services, (2) misaligned service type and therefore unnecessarily more expensive
care, 61,74 or (3) underutilization of necessary PAC services resulting in poorer outcomes
for patients including IP readmissions.6 For example, care of HF patients in the 30 days
post-hospital discharge is estimated at approximately $2,500 for HHC services, $10,700
for care in SNFs, and $15,000 for an IRF stay.74 Although particular patient needs i.e.,
more functional deficits, certainly warrant a more intensive PAC setting, it is imperative
to ensure that patients are treated in the most cost-effective, clinically appropriate setting
without compromising outcomes.
Risks of Return Acute Healthcare Utilization
Transitions in care i.e., return utilization of the ED from HHC, or IP readmission
from a PAC setting, are particularly hazardous for older adults especially in the postdischarge period. While hospitalized, older adults are often sleep-deprived, poorly
nourished,84,85 experience delirium,25 and functional decline.11,85 These factors not only
impede recovery from the acute illness, but also place older adults at risk for
exacerbations of comorbid conditions often leading to IP readmission.85,108 Multiple
hospitalizations or readmissions only compounds this risk and further fragments care
delivery. It is well known that more transitions in care often lead to mistakes in
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healthcare provision.39 For example, if an older adult is discharged to a SNF, and returns
for an IP stay within 30 days, they are at greater risk for medication discrepancies due to
multiple providers, and incomplete handoffs between settings.40
The extent to which various types of discharge disposition are associated with
post-discharge acute healthcare utilization is not widely known. Examination of these
acute healthcare utilization rates, timing of utilization (as it relates to preventability), and
associated patient factors can inform continued efforts to mitigate preventable use.
Purpose and Specific Aim(s)
The purpose of this study was to examine differences in time-to-acute healthcare
utilization (defined as IP readmission or ED/OBS return visits within 30 days of index
hospital discharge) in a cohort of older adults discharged from the hospital to various
discharge locations including home without services, with HHC services, or transfer to a
PAC facility. Various patient-level factors associated with 30-day acute care utilization
were compared across discharge location subsets. Lastly, rates of various acute
healthcare utilization types by discharge disposition were analyzed separately and as a
composite rate. Specifically, the study aim and hypotheses (H) are:
Aim 1: In a cohort of older adult inpatients, examine differences in patient characteristics
and time-to-post-discharge acute healthcare utilization by hospital discharge
disposition.
H1:

Patients who are readmitted will have greater baseline levels of functional decline
and chronic illness burden, than those not readmitted within 30-days despite
appropriate discharge disposition.

H2:

Patients who were referred for PAC facility services will have both higher rates
and earlier utilization of 30-day acute healthcare than those who went home
with and without services.
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Conceptual framework
The conceptual framework guiding this analysis is based on the Behavioral Model
of Health Services Use developed by Andersen and colleagues that emphasizes individual
and contextual determinants of access to medical care (Figure 3.1.).122-124 Context
includes characteristics of healthcare organizations, provider-related and community
factors that influence access to healthcare services.125 While these contextual factors are
recognized as important, this study focuses on those characteristics that are individual in
nature namely predisposing, enabling, and need measures that impact acute healthcare
utilization in the post-discharge period.
Individual predisposing characteristics include demographic factors i.e., age,
gender, that influence one’s need for healthcare services; social factors i.e., a person’s
educational level, employment status, and a social network that can facilitate or impede
access to services; and health beliefs described as attitudes, values, and knowledge that
individuals have about their health and healthcare services. Individual enabling factors
include healthcare financing i.e., health insurance coverage, and the organizational
factors related to healthcare access, i.e., source of care, modes of transportation, travel
time. Individual need characteristics comprise self-perceptions of one’s health and
functional status, and the magnitude of a health problem e.g., reports of self-rated health;
and the professionally evaluated judgments of health status i.e., co-morbidities,
complications etc.
Health behaviors refer to both personal health practices i.e., diet, self-care,
adherence to medical regimens, and the actual personal use of services. The outcome for

96

this study is based on the evaluated health needs leading to “realized” access122 or 30day post-discharge acute healthcare utilization (IP readmission plus ED/OBS return visits
within 30 days of index discharge). Although this utilization is not usually viewed as
ideal access to healthcare services, there are individual-level factors that either impede or
facilitate this type of acute healthcare utilization potentially at different time intervals.

Figure 3.1. Andersen’s Behavioral Model of Health Services Use1
1

Copyright permission obtained by Wolters Kluwer

Methods
Design
A secondary analysis was performed using de-identified data acquired from the
control phase of a multi-center study of quasi-experimental pre-post design
(NR01007674) aimed at measuring the effectiveness of the Discharge Referral Expert
System for Care Transitions (DIRECT) algorithm on PAC referrals and patient
outcomes.75 During the control phase, clinical and administrative data were collected
retrospectively from two suburban mid-Atlantic, teaching hospitals within one health
system, totaling 800 inpatient (IP) beds. Data were collected on patients’ index
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hospitalizations from May 8, 2015 through September 11, 2015 with an additional 30-day
follow-up period to measure post-discharge acute healthcare utilization. During the
control phase, clinicians were blinded to the DIRECT algorithm scores, and approaches
for usual clinical decision-making were utilized with respect to discharge planning and
disposition.
Sample
Eligible patients were age 55 and older, admitted for an IP stay and discharged
alive during the study period (n=6,818). Patients were excluded from analysis if they
were admitted for an OBS stay only (n=418) or were missing greater than seven algorithm
variables determined to be key through sensitivity testing in the parent study (n=2,281).
Primary diagnoses not relevant to the sample e.g., perinatal codes, and those with
potentially pre-determined discharge locations e.g., fractures, were omitted from the
sample (n=227) yielding a final overall control cohort of 3,302 patients (after duplicates
removed).
Variables
Hospital administrative and admission, discharge and transfer (ADT) databases
were utilized to collect the number of comorbidities, employment status,
admission/discharge dates (for length of stay (LOS) computation), primary diagnoses
(ICD-9-CM codes) as well as the acute healthcare utilization variables: 30-day IP
readmission or 30-day ED/OBS stay. Clinical data extracted from the electronic health
record (EHR), and carefully cleaned,192 supplied Morse212 (fall risk) and Braden213
(pressure ulcer) scores, changes in activities of daily living (ADLs), number of prior
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hospitalizations within six months, level of self-rated health, and additional sociodemographic data. Study variables were organized utilizing Andersen’s Behavioral Model
of Health Services Use (Table 3.1.).
Independent Variables
Predisposing
Demographics:
Social:

Variable Type1,2
Age
Gender
Race
Ethnicity

Marital Status
Education
Employment Status
Living Arrangement
Caregiver Presence
Health Belief:
Enabling
Need
Perceived:
Self-Rated Health
Professionally Evaluated:
Primary Index Diagnosis
Comorbidities
Length of Hospital Stay
Fall Risk
Pressure Ulcer Risk
ADLs
Health Behaviors
Hospitalized in prior 6 mos.
Discharge Disposition
Discharge Medications

(in years)1
(Male/Female)3
(White/Black/Other)2
(Hispanic/Latino or Non-Hispanic/Latino)2
(Married/Partnered, Divorced/Separated, Widowed,
Or Single)2
(Some High School or Post-High School)3
(Employed, Not employed, Retired, Other)2
(House/Apt, Assisted Living/Facility, Other)2
(Yes/No)3
Not Measured
Not Measured
(Excellent/Good, Average or Fair/Poor)2
(ICD-9 Classifications)2
(Count)1
(Days)1
(Morse Score)1
(Braden Score)1
(Decline, No Change, Improvement)2
(None, Once, More than Once)2
(Home without Services, HHC, PAC Facility)2
(No opioid/analgesic or On an opioid/analgesic)3
1Continuous
2Categorical
3Dichotomous

Table 3.1. Individual-Level Independent Variables by Andersen’s Behavioral Model

Statistical Analysis
The study sample was narrowed from the 3,302 patient records in the control
sample to 3,294 patient records as eight records were excluded for this secondary analysis
due to missing discharge disposition data. The sample was further divided into discharge
disposition subsets: (1) Home without Services (n=1336); (2) Home with HHC Services
(n=752); or (3) PAC facility (n=1206). These subsets were compared using descriptive
statistics with non-parametric (Chi-square, Fisher-Exact, or Kruskal-Wallis) tests as
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appropriate. Acute healthcare utilization rates (separately as IP readmission and ED/OBS
use plus a composite rate) were calculated using Chi-Square proportions, and time-toacute healthcare utilization was examined using Kaplan-Meier survival analysis with log
rank tests to measure significance between discharge disposition subsets. Descriptive
statistics were also used to compare subsets: (1) those with an IP readmission (n = 499);
versus (2) those not readmitted (n = 2795) using the same non-parametric tests as
indicated (and was repeated for ED/OBS use). A post-hoc secondary analysis was
completed to further explain any important associations as appropriate.
Results
In the overall sample (n=3,294), patients were, on average, 75.9 years old (11.4
SD, range 55-106), and 78.5 percent were older than 65 years (Table 3.2.). They were
predominantly white (85.6 %), slightly more female (52.8%), well-educated (96.4% had
at least some high-school education), retired (69.8%), and lived independently prior to
the index hospitalization (76.7%). Although almost half were married, 44.8 percent were
single in some capacity i.e., widowed, divorced, single.
From a clinical perspective (Table 3.3), patients had approximately three
comorbidities (1.9 SD, range 0-14), a median index hospitalization LOS of 3.6 days, were
mostly classified as at-moderate/high risk for falling (85.6%), but not particularly at-risk
for pressure ulcer development (36.6%). Most rated their health as at least average
(75.9%), had not been previously hospitalized (62.2%), and had a caregiver present in
some capacity (76.2%). Diseases of the circulatory system (25.9%), digestive system
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(11.8%), respiratory system (10.1%), and injuries (11.1%) accounted for more than half
of the reasons for index hospitalization. In general, patients either experienced no change
or some decline in ADLs during their index hospitalization (Table 3.4.).
Table 3.2. Demographic Characteristics (N=3294)
Characteristics
Age
> 55 to < 65
> 65 to <75
> 75 to < 85
> 85

Means (SD) [Range] or
n (%)
75.9 (11.4), [55 – 106]
701 (21.3)
829 (25.2)
900 (27.3)
864 (26.2)

Gender
Male
Female
Unknown

1553 (47.1)
1738 (52.8)
3 (0.1)

White
Black
Other
Unknown

2818 (85.6)
391 (11.9)
61 (2.1)
12 (0.4)

Hispanic/Latino
Non-Hispanic Latino
Unknown

31 (0.9)
3237 (98.3)
26 (0.8)

Married/Partnered
Divorced/Separated
Widowed
Single
Unknown

1643 (49.9)
231 (7.0)
822 (25.0)
423 (12.8)
175 (5.3)

Some High School
Post-High School
Unknown

1757 (53.3)
1421 (43.1)
116 (3.5)

Employed
Not employed
Retired
Other

501 (15.2)
224 (6.8)
2299 (69.8)
264 (8.0)

House/Apt
Asst. Living/Facility
Other
Unknown

2527 (76.7)
492 (15.0)
199 (6.0)
16 (2.3)

Race

Ethnicity

Marital Status

Education

Employment Status

Living Arrangement
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Table 3.3. Clinical Characteristics (N=3294)
Characteristics
Number of Comorbidities
Length of Hospital Stay (days)
Fall Risk Score (higher score = higher risk)
Low risk (0-24)
Moderate risk (25-44)
High risk (> 45)
Braden Score (lower score = higher risk)
No risk (> 18)
At risk (15-18)
Moderate risk (13-14)
High risk (10-12)
Very High Risk (< 9)

Means (SD) [Range] or n (%)
3.17 (1.9), [0 – 14]
Mean: 4.9 (4.8), [1–82]
Median: 3.6
48.5 (22.8), [0 – 125]
473 (14.4)
1093 (33.2)
1728 (52.4)
18.8 (2.9), [7 – 23]
2088 (63.4)
869 (26.4)
213 (6.5)
107 (3.2)
17 (0.5)

Self-Rated Health
Excellent/Good
Average
Fair/Poor
Unknown
Primary Diagnosis ICD-9 Codes
001-139 Infectious/Parasitic Diseases
140-239 Neoplasms
240-279 Endocrine/Metabolic/Immunity
280-289 Blood and Blood-Forming Organs
290-319 Mental/Neurodevelopmental
320-389 Diseases of the Nervous System
390-459 Diseases of the Circulatory System
460-519 Diseases of the Respiratory System
520-579 Diseases of the Digestive System
580-629 Diseases of Genitourinary System
680-709 Diseases of the Skin
710-739 Musculoskeletal Diseases
740-759 Congenital Anomalies
780-799 Symptoms, Signs, & Ill-Defined
800-999 Injury and Poisoning
V01-V89 Supplementary Classification
Hospitalized prior 6 months

1433 (43.5)
1070 (32.4)
759 (23.0)
32 (0.1)
251 (7.6)
145 (4.4)
152 (4.6)
48 (1.5)
25 (0.8)
61 (1.9)
852 (25.9)
331 (10.1)
390 (11.8)
256 (7.8)
103 (3.1)
192 (5.8)
2 (0.1)
107 (3.3)
364 (11.1)
15 (0.5)

None
Once
More than Once
Unknown

2049 (62.2)
799 (24.3)
369 (11.2)
77 (2.3)

No opioid/analgesic
On an opioid/analgesic
Unknown

2452 (74.4)
800 (24.3)
42 (1.3)

Yes
No

2511 (76.2)
783 (23.8)

Home without services
Skilled home health care
Facility

1336 (40.6)
752 (22.8)
1206 (36.6)

Discharge Medications

Caregiver Presence

Discharge Disposition
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Table 3.4. Change in ADLs during hospital stay (N = 3294)
Activities of Daily Living
Ambulation
Decline
No change
Improvement
Unknown

1387 (42.1)
1637 (49.7)
252 (7.6)
18 (0.6)

Decline
No change
Improvement
Unknown

1019 (30.9)
1995 (60.6)
253 (7.7)
27 (0.8)

Decline
No change
Improvement
Unknown

457 (13.9)
2684 (81.5)
132 (4.0)
21 (0.6)

Decline
No change
Improvement
Unknown

1181 (35.9)
1819 (55.2)
268 (8.1)
26 (0.8)

Decline
No change
Improvement
Unknown

1323 (40.2)
1686 (51.2)
259 (7.8)
26 (0.8)

Bathing

Eating

Toileting

Transfer

Differences in Patient Characteristics by Discharge Disposition
In this sample, 40.6 percent (1336/3294) of patients were discharged home
without services, 36.6 percent (1206/3294) to facility-level care e.g., SNF, IRF, and 22.8
percent (752/3294) were referred for HHC services. When patient-level (individual)
characteristics were compared across discharge disposition, age differed between levels
of PAC services. Those referred to facility-level care were oldest at a mean of 80.4 years
(10.6 SD, range 55-106), those referred home with HHC services, were on average, 76.1
years old (10.6 SD, range 55-101), and patients who went home without services were
youngest at 71.8 years (10.8 SD, range 55-103) (p<.001). Those widowed or female
were more often referred for facility care, however 61.2 percent of females in this sample
did not have a spouse/partner versus 32 percent of males (p<.001). Those with higher
103

levels of education, currently employed, and living independently prior to index
admission, tended to be referred less often to facility (p<.001).
Overall, patients who were recommended for facility-level care, had greater
illness burden (need factors) evidenced by longer lengths of stay during the index
admission (p<.001), and greater: (1) risks for falling; (2) pressure ulcer development; (3)
number of prior hospitalizations within 6 months (health behaviors) (Table 3.6.); and (4)
functional decline (Table 3.7.) (p<.001). They also rated their health at lower levels and
were less likely to have a caregiver present (p<.001).
Table 3.5. Differences in Demographic Characteristics by Discharge Location (N=3294)
Characteristics

Means (SD) [Range] or n (%)
Home (1336)
(40.6%)
71.8 (10.8)
[55 – 103]

HHC (752)
(22.8%)
76.1 (10.6)
[55 – 101]

Facility (1206)
(36.6%)
80.4 (10.6)
[55 – 106]

p-value1

Male
Female

676 (50.7)
658 (49.2)

376 (50.0)
375 (50.0)

501 (41.5)
705 (58.5)

<.001

White
Black
Other

1120 (86.8)
171 (12.8)
41 (3.1)

636 (84.6)
103 (13.7)
9 (1.2)

1062 (88.1)
117 (9.7)
23 (1.9)

Hispanic/Latino
Non-Hispanic Latino
Marital Status
Married/Partnered
Divorced/Separated
Widowed
Single
Unknown
Education2
Some High School
Post High school
Employment Status2
Employed
Not employed
Retired
Other
Living Arrangement2

20 (1.5)
1303 (97.5)

6 (0.8)
739 (98.3)

5 (0.4)
1195 (99.1)

750 (56.2)
103 (7.7)
242 (18.1)
174 (13.0)
67 (5.0)

434 (57.7)
49 (6.5)
152 (20.2)
79 (10.5)
38 (5.1)

459 (38.1)
79 (6.6)
428 (35.5)
170 (14.1)
70 (5.8)

631 (47.2)

296 (52.7)

730 (60.5)

672 (50.3)

325 (43.2)

424 (35.2)

331 (24.8)
102 (7.6)
803 (60.1)
99 (7.4)

111 (14.8)
38 (5.1)
548 (72.9)
55 (7.3)

59 (4.9)
84 (7.0)
948 (78.6)
110 (9.1)

House/Apt
Asst. Living/Facility
Other

1166 (87.3)
82 (6.1)
60 (4.5)

662 (88.0)
40 (5.3)
50 (6.7)

699 (58.0)
370 (30.7)
111 (9.2)

Age

<.001

Gender2

Race2
.001

Ethnicity2

1

p-values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
Numbers may not add to 100% if unknowns excluded

2
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.02

<.001

<.001

<.001

<.001

Table 3.6. Clinical Characteristics by Discharge Location (N=3294)
Means (SD) [Range] or n (%)
Home (1336)
HHC (752)
Facility
(40.6%)
(22.8%)
(1206)
(36.6%)
3.1 (1.8)
3.1 (1.8)
3.3 (2.0)
[0 – 14]
[0 – 11]
[0 – 14]
Mean: 3.3
Mean: 4.5
Mean: 6.9
(2.2), [1–21]
(3.6), [1–29] (6.5), [1–82]
Median: 2.8
Median: 3.4 Median: 4.9
37.5 (17.8)
48.2 (20.3)
60.8 (23.0)
[0 – 110]
[0 – 115]
[0 – 125]
20.4 (2.0)
19.3 (2.2)
16.6 (2.9)
[8 – 23]
[10 – 23]
[7 – 23]

Characteristics
Number of Comorbidities
Length of Hospital Stay (days)

Fall Risk Score (higher = higher risk)
Braden Score (lower = higher risk)

pvalue1
.06

<.001
<.001
<.001

Self-Rated Health2
Excellent/Good
Average
Fair/Poor

742 (55.5)
395 (30.0)
194 (14.5)

362 (48.1)
229 (30.5)
153 (20.4)

330 (27.4)
446 (37.0)
412 (34.2)

85 (6.4)
56 (4.2)
75 (5.6)
23 (1.7)
7 (0.5)
18 (1.4)
360 (27.0)
144 (10.8)
256 (19.2)
107 (8.0)
57 (4.3)
23 (1.7)
2 (0.2)
52 (3.9)
66 (4.9)
5 (0.4)

38 (5.1)
34 (4.5)
32 (4.3)
12 (1.6)
3 (0.4)
11 (1.5)
237 (31.5)
61(8.1)
59 (7.9)
52 (6.9)
21 (2.8)
113 (15.0)
0
19 (2.5)
54 (7.2)
6 (0.8)

128 (10.6)
55 (4.6)
45 (3.7)
13 (1.1)
15 (1.2)
32 (2.7)
255 (21.1)
126 (10.5)
75 (6.2)
97 (8.0)
25 (2.1)
56 (4.7)
0
36 (3.0)
244 (20.2)
4 (0.3)

None
Once
More than Once

916 (68.6)
298 (22.3)
99 (7.4)

465 (61.8)
187 (24.9)
90 (12.0)

668 (55.4)
314 (26.0)
180 (15.0)

<.001

No opioid/analgesic
On an opioid/analgesic

1061 (79.4)
260 (19.5)

503 (66.9)
238 (31.7)

888 (73.6)
302 (25.0)

<.001

Yes
No

1057 (79.1)
279 (20.9)

582 (77.4)
170 (22.6)

872 (72.3)
334 (27.7)

Primary Diagnosis ICD-9 Codes
001-139 Infectious/Parasitic Diseases
140-239 Neoplasms
240-279 Endocrine/Metabolic/Immunity
280-289 Blood and Blood-Forming Organs
290-319 Mental/Neurodevelopmental
320-389 Diseases of the Nervous System
390-459 Diseases of the Circulatory System
460-519 Diseases of the Respiratory System
520-579 Diseases of the Digestive System
580-629 Diseases of Genitourinary System
680-709 Diseases of the Skin
710-739 Musculoskeletal Diseases
740-759 Congenital Anomalies
780-799 Symptoms, Signs, & Ill-Defined
800-999 Injury and Poisoning
V01-V89 Supplementary Classification
Hospitalized prior 6 months2

<.001

<.001

Discharge Medications2

Caregiver Presence

1

p-values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
Numbers may not add to 100% if unknowns excluded

2
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<.001

Table 3.7. Differences in Change in ADLs by Discharge Location (N=3294)
Activities of Daily Living

Home (1336)
(40.6%)

Means (SD) [Range] or n (%)
HHC (752)
Facility (1206)
(22.8%)
36.6%)

p-value1

Ambulation2
Decline
No change
Improvement

259 (19.4)
981 (73.4)
93 (7.0)

352 (46.8)
337 (44.8)
57 (7.6)

776 (64.3)
319 (26.5)
102 (8.5)

Decline
No change
Improvement

164 (12.3)
1099 (82.3)
66 (4.9)

234 (31.1)
454 (60.4)
58 (7.7)

621 (51.5)
442 (36.7)
129 (10.7)

Decline
No change
Improvement

44 (3.3)
1260 (94.3)
28 (2.1)

66 (8.8)
655 (87.1)
24 (3.2)

347 (28.8)
769 (63.8)
80 (6.6)

<.001

Decline
No change
Improvement

212 (15.9)
1042 (78.0)
76 (5.7)

264 (35.1)
410 (54.5)
72 (9.6)

705 (58.5)
367 (30.4)
120 (10.0)

<.001

<.001

Bathing2

<.001

Eating2

Toileting2

Transfer2
Decline
240 (18.0)
348 (46.3)
735 (61.0)
No change
1009 (75.5)
338 (45.0)
339 (28.1)
Improvement
81 (6.1)
60 (8.0)
118 (9.8)
1p-values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
2Numbers may not add to 100% if unknowns excluded

<.001

These results reflect what was expected, those sickest appear to receive more
intense levels of PAC services. Assuming these levels of care were appropriate, patient
characteristics may not further influence post-discharge acute healthcare utilization. In
this context, we examined whether there were significant associations between patient
characteristics and type of acute healthcare utilization (IP readmission and ED/OBS
return).
Differences in Patient Characteristics by Acute Healthcare Utilization
IP Readmission
Hypothesis 1: Patients who are readmitted will have greater baseline levels of
functional decline and chronic illness burden, than those not readmitted within 30-days
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despite appropriate discharge disposition, was partially supported. A total of 15.2 percent
(499/3294) of patients were readmitted for an IP stay within 30-days of index hospital
discharge. In these patients, there were no statistically significant differences in
individual predisposing demographic or social factors except those employed were
slightly less likely to readmitted (p=.005) (Table 3.8.).
Table 3.8. Demographic Characteristics by 30-day IP Readmission (N=3294)
Means (SD) [Range] or n (%)
No Readmit
Readmit
N=2795 (84.8%)
N=499 (15.2%)
75.8 (11.4)
76.5 (11.0)
[55 – 106.4]
[55.2 – 98.4]

Characteristics
Age

p-value1
.239

Gender2
Male
Female

1313 (47.0)
1479 (52.9)

240 (48.1)
259 (51.9)

.660

White
Black
Other

2399 (85.8)
327 (11.7)
60 (2.2)

419 (84.0)
64 (12.8)
13 (2.6)

Hispanic/Latino
Non-Hispanic Latino

30 (1.1)
2745 (98.2)

1 (.2)
492 (98.6)

Married/Partnered
Divorced/Separated
Widowed
Single
Unknown

1414 (50.6)
196 (7.0)
687 (24.6)
350 (12.5)
148 (5.3)

229 (45.9)
35 (7.0)
135 (27.1)
73 (14.6)
27 (5.4)

.356

Some High School
Post High school
Employment Status
Employed
Not employed
Retired
Other
Living Arrangement2
House/Apt
Asst. Living/Facility
Other

1488 (53.2)

269 (53.9)

.760

1209 (43.3)

212 (42.5)

448 (16.0)
177 (6.4)
1946 (69.6)
224 (8.0)

53 (10.6)
47 (9.4)
353 (70.8)
46 (9.2)

2154 (77.1)
406 (14.5)
170 (6.2)

373 (74.8)
86 (17.2)
29 (5.9)

Race2
.539

Ethnicity2
.064

Marital Status

Education2

1
2

.005

.298

p-values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
Numbers may not add to 100% if unknowns excluded

However, there were differences observed in clinical (need) characteristics or health
behaviors suggestive of more chronic illness burden. Readmitted patients had a longer
index median LOS of 4.1 days as compared to those not readmitted (3.3 days) (p=.001);
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had greater fall risk (p<.001), poorer self-rated health (p=.001), and were more often
previously hospitalized (p=.008) (Table 3.9.). Additionally, these patients experienced
further decline in ambulation, bathing, toileting, and transfer (p=.001) than those not
readmitted; there were, however, no statistical differences in eating ability (Table 3.10.).
Table 3.9. Clinical Characteristics by 30-day IP Readmission (N=3294)
Means (SD) [Range] or n (%)
No Readmit
Readmit
N=2795
N=499
(84.8%)
(15.2%)
3.1 (1.9)
3.4 (1.9)
[0 – 14]
[0 – 12]
Mean: 4.7 (4.6),
Mean: 5.7 (5.5),
[1–82]
[1–50]
Median: 3.3
Median: 4.1
47.8 (22.7)
52.5 (23.2)
[0 – 125]
[0 – 115]
18.7 (3.0)
18.3 (2.8)
[7 – 23]
[9 – 23]

Characteristics
Number of Comorbidities
Length of Hospital Stay (days)

Fall Risk Score (higher score = higher risk)
Braden Score (lower score = higher risk)

p-value1

.001

.001
<.001
<.001

Self-Rated Health2
Excellent/Good
Average
Fair/Poor

1249 (44.7)
902 (32.3)
614 (22.0)

184 (36.9)
168 (33.7)
145 (29.1)

.001

216(7.7)
118 (4.2)
129 (4.6)
39 (1.4)
19 (0.7)
54 (1.9)
706 (25.3)
285 (10.2)
333 (11.9)
223 (8.0
93 (3.3)
166 (5.9)
2 (0.1)
97 (3.5)
303 (10.8)
12 (0.4)

35 (7.0)
27 (5.4)
23 (4.6)
9 (1.8)
6 (1.2)
7 (1.4)
146 (29.3)
46 (9.2)
57 (11.4)
33 (6.6)
10 (2.0)
26 (5.2)
0
10 (2.0)
61 (12.2)
3 (0.1)

.427

None
Once
More than Once

1762 (63.0)
665 (23.8)
296 (10.6)

287 (57.5)
134 (26.9)
73 (14.6)

.008

No opioid/analgesic
On an opioid/analgesic

2079 (74.4)
678 (24.3)

373 (74.8)
122 (24.5)

.979

Yes
No

2133 (76.3)
662 (23.7)

378 (75.8)
121 (24.2)

.785

Primary Diagnosis ICD-9 Codes
001-139 Infectious/Parasitic Diseases
140-239 Neoplasms
240-279 Endocrine/Metabolic/Immunity
280-289 Blood and Blood-Forming Organs
290-319 Mental/Neurodevelopmental
320-389 Diseases of the Nervous System
390-459 Diseases of the Circulatory System
460-519 Diseases of the Respiratory System
520-579 Diseases of the Digestive System
580-629 Diseases of Genitourinary System
680-709 Diseases of the Skin
710-739 Musculoskeletal Diseases
740-759 Congenital Anomalies
780-799 Symptoms, Signs, & Ill-Defined
800-999 Injury and Poisoning
V01-V89 Supplementary Classification
Hospitalized prior 6 months2

Discharge Medications2

Caregiver Presence

1

p-values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
2
Numbers may not add to 100% if unknowns excluded
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Table 3.10. Change in ADLs by 30-day IP Readmission (N=3294)
Activities of Daily Living

Means (SD) [Range] or n (%)
No Readmit
N=2795 (84.8%)

Readmit
N=499 (15.2%)

p-value1

Decline
No change
Improvement

1140 (40.8)
1433 (51.3)
206 (7.4)

247 (49.5)
204 (40.9)
46 (9.2)

.001

Decline
No change
Improvement

827 (29.6)
1738 (62.2)
206 (7.4)

192 (38.5)
257 (51.5)
47 (9.4)

.001

Decline
No change
Improvement

379 (13.6)
2290 (82.0)
107 (3.8)

78 (15.6)
394 (79.0)
25 (5.0)

.198

Decline
No change
Improvement

974 (34.9)
1584 (56.7)
214 (7.7)

207 (41.5)
235 (47.0)
54 (10.8)

.001

Decline
No change
Improvement

1094 (39.1)
1472(52.7)
207 (7.4)

229 (45.9)
214 (42.9)
52 (10.4)

.001

Ambulation2

Bathing2

Eating2

Toileting2

Transfer2

1
2

p-values calculated using Chi-square
Numbers may not add to 100% if unknowns excluded

Return ED/OBS Visit
As compared with those without a return visit, patients who had a ED/OBS stay
within 30-days of discharge had no differences in sociodemographic factors (Table 3.11),
or clinical need factors except they were more likely to have had a prior readmission
(p=.03) (Table 3.12.). These patients also had no differences in functional capacity
during the index hospitalization (Table 3.13.). This indicates that those patients treated
and released from the ED, or not admitted after an OBS stay, had less indicators of
chronic illness burden except for a prior admission history.
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Table 3.11. Difference in Demographic Characteristics by 30-day ED/OBS visit (N=3294)
Means (SD) [Range] or n (%)
No visit
Re-Visit
n=3092 (93.9%)
n=202 (6.1%)
75.9 (11.3)
77.1 (11.7)
[55 – 106.4]
[55.7 – 100.5]

Characteristics
Age

p-value1
.14

Gender2
Male
Female

1467 (47.5)
1622 (52.5)

86 (42.6)
116 (57.4)

.175

White
Black
Other

2651(86.0)
361 (11.7)
70 (2.3)

167 (83.5)
30 (15.0)
3 (1.5)

Hispanic/Latino
Non-Hispanic Latino

30 (1.0)
3038 (98.3)

1 (.5)
199 (98.5)

Married/Partnered
Divorced/Separated
Widowed
Single
Unknown

1551 (50.2)
220 (7.1)
762 (24.6)
395 (12.8)
164 (5.3)

92 (45.5)
11 (5.5)
60 (29.7)
28 (13.9)
11 (5.5)

.450

Some High School
Post High school
Unknown
Employment Status2
Employed
Not employed
Retired
Other
Living Arrangement2
House/Apt
Asst Living/Facility
Other

1658 (53.6)
1333 (43.1)
101 (3.3)

99 (49.0)
88 (43.6)
15 (7.4)

.013

476 (15.4)
215 (7.0)
2157 (69.8)
238 (7.7)

25 (12.4)
9 (4.5)
142 (70.3)
26 (12.9)

2377 (78.6)
460 (15.2)
189 (6.3)

150 (78.1)
32 (16.7)
10 (9.9)

Race2
.334

Ethnicity2
.499

Marital Status

Education

1
2

.027

.751

p-values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
Numbers may not add to 100% if unknowns exclude
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Table 3.12. Differences in Clinical Characteristics by 30-day ED/OBS visit (N=3294)
Means (SD) [Range] or n (%)
No Visit
Visit
n = 3092
n = 202 (6.1)
(93.9)
3.2 (1.9)
3.2 (2.0)
[0 – 14]
[0 – 11]
Mean: 4.9
Mean: 4.7
(4.8), [1–82]
(3.6), [1–23]
Median: 3.6
Median: 3.5
48.4 (22.7)
49.9 (24.5)
[0 – 125]
[0 – 110]

Characteristics
Number of Comorbidities
Length of Hospital Stay (days)

Fall Risk Score
Braden Score
Self-Rated

Primary Diagnosis ICD-9 Codes
001-139 Infectious/Parasitic Diseases
140-239 Neoplasms
240-279 Endocrine/Metabolic/Immunity
280-289 Blood and Blood-Forming Organs
290-319 Mental/Neurodevelopmental
320-389 Diseases of the Nervous System
390-459 Diseases of the Circulatory System
460-519 Diseases of the Respiratory System
520-579 Diseases of the Digestive System
580-629 Diseases of Genitourinary System
680-709 Diseases of the Skin
710-739 Musculoskeletal Diseases
740-759 Congenital Anomalies
780-799 Symptoms, Signs, & Ill-Defined
800-999 Injury and Poisoning
V01-V89 Supplementary Classification
Hospitalized prior 6 months2
None
Once
More than Once
Discharge Medications2
No opioid/analgesic
On an opioid/analgesic
Caregiver Presence
Yes
No
2

.80
.62
.46

18.8 (3.0)
[7 – 23]

18.9 (2.4)
[9 – 23]

.58

1349 (43.6)
996 (32.2)
717 (23.2)

84 (41.6)
74 (36.6)
42 (20.8)

.407

216(7.7)
118 (4.2)
129 (4.6)
39 (1.4)
19 (0.7)
54 (1.9)
706 (25.3)
285 (10.2)
333 (11.9)
223 (8.0)
93 (3.3)
166 (5.9)
2 (0.1)
97 (3.5)
303 (10.8)
12 (0.4)

35 (7.0)
27 (5.4)
23 (4.6)
9 (1.8)
6 (1.2)
7 (1.4)
146 (29.3)
46 (9.2)
57 (11.4)
33 (6.6)
10 (2.0)
26 (5.2)
0
10 (2.0)
61 (12.2)
3 (0.1)

.173

1942 (62.8)
744 (24.1)
338 (10.9)

107 (53.0)
55 (27.2)
31 (15.4)

.03

2294 (74.2)
759 (24.6)

158 (78.2)
41 (20.3)

2366 (76.5)
726 (23.5)

145 (71.8)
57 (28.2)

Health2
Excellent/Good
Average
Fair/Poor

1

p-value1

p-values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
Numbers may not add to 100% if unknowns excluded
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.177
.125

Table 3.13. Differences in Change in ADLs by 30-day ED/OBS visit (N=3294)
Activities of Daily Living

Means (SD) [Range] or n (%)
No Visit
N=3092 (93.9)

Visit
N=202 (6.1)

p-value1

No change
Decline
Improvement

1542 (50.1)
1294 (42.1)
240 (7.8)

95 (47.5)
93 (46.5)
12 (6.0)

.38

No change
Decline
Improvement

1871 (60.9)
963 (31.4)
236 (7.7)

124 (62.9)
56 (28.4)
17 (8.6)

.66

No change
Decline
Improvement

2517 (81.9)
433 (14.1)
124 (4.0)

167 (83.9)
24 (12.1)
8 (4.0)

.73

No change
Decline
Improvement

1711 (55.7)
1107 (36.1)
252 (8.2)

108 (54.6)
74 (37.4)
16 (8.1)

.93

No change
Decline
Improvement

1588 (51.7)
1241 (40.4)
241 (7.9)

98 (49.5)
82 (41.4)
18 (9.1)

.75

Ambulation2

Bathing2

Eating2

Toileting2

Transfer2

1
2

p-values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
Numbers may not add to 100% if unknowns excluded

Acute Healthcare Utilization by Discharge Disposition
IP Readmission
Hypothesis 2: Patients who were referred for PAC facility services will have both
higher rates and earlier utilization of 30-day acute healthcare than those who went home
with and without services, was partially supported. Crude IP readmission rates were 19.3
percent (233/1206), 16.6 percent (125/752), and 10.6 percent (141/1336) for patients
referred to facility, for HHC services, and for those who went home without services
respectively (p<.001) (Figure 3.2). Of all readmitted patients, 46.7 percent (233/499)
returned after index discharge to facility, 28.3 percent (141/499) from their homes
without services, and 25 percent (125/499) from their homes with HHC services.
Those referred to facility were also more likely to return for an inpatient stay
sooner than those who were recommended for HHC services or without PAC referral.
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Most of this difference in time-to-readmission was due to readmissions that occurred
within 24 hours of discharge to a facility (Table 3.14.). Over 50 percent of the facility
readmissions, and approximately 40 percent of readmissions for those that went home
either with or without services occurred within seven days after hospital discharge. Over
60 percent of all readmissions from home, regardless of services, and 74 percent of
readmissions from facility occurred by 14 days. Facility readmission rates appear to
flatten slightly between 14 and 20 days but then surge again after 20 days.

Figure 3.2. 30-day IP Readmission by Discharge Disposition
Table 3.14. Cumulative Time-to-IP Readmission by Discharge Disposition
Readmitted
within
24 hours
3-days
7-days
14-days
20-days
30-days
1

N (%rate)1
Home
1 (0.1)
26 (2.0)
55 (4.1)
88 (6.6)
117 (8.8)
141 (10.6)

HHC
0 (0)
23 (3.1)
51 (6.8)
80 (10.6)
99 (13.2)
125 (16.6)

Facility
86 (7.1)
109 (9.0)
134 (11.1)
172 (14.3)
196 (16.3)
233 (19.3)

Rate = IP Readmissions/Patients discharged to each location

Sensitivity Analysis
Since readmissions within 24 hours of discharge may be related to not only
unique patient-level characteristics, but also to organizational/systems factors, we
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performed a sensitivity analysis to examine this impact on return IP utilization. After
excluding those 87 patients who returned within 24 hours, HHC 30-day IP readmission
rates superseded facility rates (Figure 3.3). HHC patients returned at the same rate of
16.6 percent (125/752), but now facility-level rates lowered to 12.2 percent (147/1206),
and those who went home without services returned 10.5 percent (140/1336) of the time
(p<.001). A greater surge in rates remained for facility readmissions after 20 days.

Figure 3.3. Without 24-hour IP Readmission by Discharge Disposition

Return ED/OBS Visit
Overall, patients returned for an ED/OBS “treat and release” visit within 30-days
of index discharge at a rate of 6.1 percent (202/3294). Crude ED/OBS return visits were
8.8 percent (66/752), 6.4 percent (86/1336), and 4.2 percent (50/1206) for patients
discharged with HHC services, home without services, and referred to a facility
respectively (Figure 3.4.). Of these, 42.6 percent (86/202) were for patients discharged
home without services, another 32.7 percent (66/202) for those referred for HHC
services, and 24.7 percent (50/202) for those patients referred to facility (p<.001).
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Across discharge disposition, there were no clinical differences in return ED/OBS
visits within the first three days following discharge, but at approximately five-to-seven
days, HHC rates exponentially increase with a second surge observed after 20 days
(Table 3.15.). By 14 days of discharge, over 50 percent of the return visits had occurred
for all discharge locations. Facility rates plateaued at 14 days until after 20 days in which
the rates increased slightly.

Figure 3.4. 30-day ED/OBS Return Visit by Discharge Disposition

Table 3.15. Cumulative Time-to-ED/OBS Revisit by DC Disposition
Revisited within:
24 hours
3-days
7-days
14-days
20-days
30-days
1

Home
0 (0)
18 (1.4)
36 (2.7)
61 (4.6)
72 (5.4)
86 (6.4)

N (% rate)1
HHC
1 (0.1)
11 (1.5)
27 (3.6)
38 (5.1)
50 (6.7)
66 (8.8)

Facility
1 (0.1)
11 (0.9)
20 (1.7)
27 (2.2)
34 (2.8)
50 (4.2)

Rate = ED-OBS revisits/patients discharged to each location

Total post-discharge acute healthcare utilization
A total of 663 patients had any acute healthcare utilization (IP readmission and/or
return ED/OBS visit) within 30-days of discharge (38 patients had both an ED/OBS
“treat-and-release” stay and an IP readmission within 30-days). This utilization consisted
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of 41.5 percent (275/663) of patients who returned from facility, 32.3 percent (214/663)
of patients who went home without services, and 26.2 percent (174/663) from those with
HHC services. Patients receiving HHC services had the highest return acute healthcare
utilization at 23.1 percent (174/752), followed by those from facility-level care at 22.8
percent (275/1206), and 16 percent (214/1336) observed in patients who went home
without services (p<.001).
Post-hoc Analysis of 24-hour Facility IP Readmissions
Since a significant number of IP readmissions were observed within 24 hours of
discharge to a facility, a post-hoc secondary analysis was performed to examine patient
characteristics in this subset. These patient characteristics were compared to all those
who were: (1) readmitted (regardless of discharge disposition); (2) referred to facility
(regardless of whether readmitted); and (3) readmitted from facility-level care.
Furthermore, we examined whether these patients with earlier utilization had multiple IP
readmissions within 30-days, as well as the specific PAC facility type i.e., SNF, IRF.
Patients who returned from facility within 24 hours for an IP admission (n=86) as
compared to those who returned after one day from any location (n=412), had no
statistically different sociodemographic characteristics, but had a much greater risk for
falling, were more likely to have been discharged on an opioid/analgesic (p<.001), and
experienced much greater functional decline during index hospitalization. They were
also apt to rate their baseline health at higher levels (p=.002) and have less admissions in
the past six months (p=.02) (Supplemental Tables 3.16.-3.18.).
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When compared to all patients who were discharged to a facility (n=1206), those
who returned within 24 hours were slightly younger than those who were either not
readmitted (n=973), or those readmitted after one day in the facility (n=147) (p<.001).
Additionally, those who returned within 24 hours were more likely to be better educated
(p=.01), employed, and living independently prior to index admission (p<.001). They
had a shorter index LOS especially when compared to others readmitted from facility
(p<.001), less prior hospitalizations (p=.001), better self-rated baseline health (p<.001),
and less risk for pressure ulcer development (p<.001). They were, however, at a higher
risk of falling (p<.001), more often discharged on an opioid medication (p=.009), and had
greater decline in ADLs although only toileting (p=.03) and transfer (p=.02) were
statistically significant (Supplemental Tables 3.19.-3.21.).
For 83.7 percent (72/86) of the patients that returned from facility within 24 hours
of discharge, this was their only readmission within 30-days. Of the remaining patients,
nine (10.5%) had a second readmission, three (3.6%) had two more readmissions, one
(1.1%) had three more readmissions, and another (1.1%) had a total of five readmissions
within 30-days of index discharge. All 86 patients returned after discharge to a IRF and
the most common index discharge diagnosis ICD-9 categories were: (1) diseases of the
circulatory system (37%); (2) injury and poisoning (36%); (3) diseases of the
musculoskeletal system; and (4) connective tissue (9.3%), and neoplasms (8.1%); all
other categories were distributed evenly in low proportions.
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Discussion
As expected, patients who had greater disease burden as evidenced by more
clinical need factors e.g., greater functional decline, higher fall risk, and predisposing
factors e.g., older, single women, those without caregivers, were most often discharged to
facility-level PAC services. Patients who had been discharged to a facility after an index
hospitalization, were most frequently readmitted at a rate of 19.3 percent as compared to
those who returned from home with HHC services at a rate of 16.6 percent. Readmission
rates from SNFs have been reported in other studies at 14.5 percent214 and 22.8 percent,71
and at 18 percent for those receiving HHC services,215 suggesting that our results align
with other findings.
Readmitted patients had greater evidence of chronic illness burden i.e., prior
hospitalization history, poorer baseline self-rated health, than those not readmitted
regardless of discharge disposition. Consistent with findings from other studies, most of
these IP readmissions occurred within the first 14 days post-discharge.143,144 Similar to
another recent study of readmissions from PAC facilities,71 we found this was especially
true for those discharged to facility. Moreover, Ouslander and colleagues found that
eight percent of patients who were discharged to a SNF returned within 48 hours.216 Our
findings also demonstrated that patients discharged to a facility returned more quickly for
an IP readmission and, had a significantly higher rate of readmissions (7.1%) that
occurred within 24 hours of discharge. This suggested that in addition to organizational
or systems processes, there may have been unique patient characteristics, contributing to
these early readmissions. The rate of readmissions emanating from facility also spiked at
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20 days. In this study, we have no knowledge of how long patients stayed in a PAC
facility, but they may have been discharged at 20 days when e.g., daily Medicare coinsurance payments begin for SNF care.217 The average SNF LOS was 26.5 days in
2015218 which not only supports the supposition that patients went home before IP
readmission, but further illustrates the importance of managing transitions after SNF
discharge.
After a post-hoc secondary analysis, we observed that those patients readmitted
from a facility within 24 hours of discharge, looked very differently than others
readmitted between one and 30 days of discharge, and all others that went to facility
regardless of readmission. When compared to other patients that went to facility, they
tended to be younger, better educated, currently employed, living independently prior to
admission, and had a shorter index LOS. When compared to all those readmitted
(regardless of discharge disposition) and those that went to facility (whether readmitted
or not), they had much less evidence of chronic illness burden. They did, however, have
greater decline in some functional activities, greater fall risk, and were more often
discharged on pain medications. Given these factors and since patients were also
predominantly diagnosed with diseases of the circulatory system e.g., cerebral or carotid
artery occlusion, or injury e.g., femur or humerus fractures, it suggests that their change
in health status was recent and acute in nature. These findings were similar, with other
authors who concluded that functional decline,71,206,219 and clinical stability at the time of
hospital discharge,216 were significantly associated with readmission risk from a SNF.
Furthermore, in a study of unplanned readmissions from an IRF setting, in addition to
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poor functional improvement, shorter index hospitalization LOS was associated with
greater readmission risk.219
It is conceivable that a variety of factors were associated with these 24-hour
returns. Given their younger age, it is possible these patients requested an earlier
discharge, and specifically an IRF placement if they did not perceive other facility-level
care e.g., SNF within a long-term care facility, appropriate. It is equally plausible that
discharging providers recommended these patients for more intensive IRF care, since
they were younger, actively engaged in the workforce, and could potentially follow
instructions more readily due to their higher level of education. It has been shown that
local provider practice norms influence SNF readmissions.70 Most discharging providers
are not familiar with specific PAC facility services, and do not have evidenced-based
criteria readily available to discern the most appropriate facility type.71,220 This could
lead to discrepancies in determining discharge readiness given unrealistic expectations of
available PAC resources to manage complexly ill patients. Moreover, handoffs and
information exchange between hospital and PAC providers are known to be suboptimal,
potentially leading to unsafe transitions between settings.221,222 In a root cause analysis of
readmissions from SNFs, approximately 30 percent were considered potentially
preventable,223 especially if they occurred earlier in the post-discharge period.224
Furthermore, Burke and colleagues concluded that earlier readmissions reflected issues
either with the transition between hospital and SNF, or due to a mismatch between
patient needs and facility type/resources.71 Later readmissions were more often due to
inadequate PAC resources to manage worsening conditions.71
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From our post-hoc analysis, we determined that approximately 84 percent of
patients who returned within 24 hours from a PAC facility, did not have another
readmission within 30-days. If we could eradicate these readmissions, which were most
likely due to systems issues, then facility-level readmission rates could lower to levels
below those of HHC patients. If PAC facilities are resourced adequately, and providers
from acute and post-acute settings are mutually accountable for outcomes through
programs such as the CMS Bundled Payment Care Initiative (BPCI) and vertical
integration mechanisms, this seems achievable.
Lastly, we should note that the extent to which the transfer to facility actually
occurred was not readily measureable in this study. Despite documented discharge
orders, it is certainly possible that some patients never left the hospital due to e.g., IRF
bed unavailability, or changes in clinical status near to the time of discharge.
In contrast with IP readmissions, those that returned for an ED/OBS stay had no
differences in sociodemographic or clinical factors except for a history of previous
hospital admissions. In a study of ED use in elderly patients, each additional prior
hospital admission likely tripled the risk for ED/OBS return (3.78 (95% CI: (2.53,
5.65)).225 Patients who went home with HHC services were more likely, than those
discharged to facility, to return within 30-days post-discharge. This is partially due to
most ED returns from facility resulting in an IP readmission (even if originating from the
ED). Patients receiving HHC services were also more likely to return within five-toseven days post-discharge. Although referred for HHC services, it is conceivable that
patients may not have had many nursing visits yet or very likely, did not see their
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provider before return to the ED.154 Murtaugh and colleagues found that coupling early
and intensive HHC services with a provider visit reduced the probability of readmission
rates by approximately eight percentage points (CI (-12.3, -4.1); p < .001).193 For those
return ED/OBS visits from patients in a PAC facility, rates were not only lower but
plateaued at 14 days with a slight spike after 20 days. As previously mentioned, this
result coincides with average SNF discharge timing.
Limitations
In this study, since the measurement of discharge disposition was based on EHR
documentation at the time of hospital discharge, we could not ascertain whether patients
actually received the recommended services or arrived at the PAC location. We did not
have data available to assess the contribution of enabling characteristics e.g., insurance
type, to post-discharge acute healthcare utilization although most patients were likely at
least on Medicare. We do not know how many were dually-eligible for Medicaid as well,
but the two hospitals from which we acquired data are located in fairly affluent areas.
The sample population was predominantly white although this is representative of the
current Medicare beneficiaries’ profile suggesting generalization of results for the older
aged population is appropriate.136 We were also unable to reliably identify readmission
diagnoses for our secondary analysis of 24-hour readmissions from a PAC facility. As
with any observational study, we could not make causal inferences and there is always
the possibility of unmeasured bias confounding our findings.
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Conclusions
Patients who were discharged to PAC facilities had higher 30-day IP readmission
rates, and returned sooner than others who went home either with or without services.
Despite the sickest patients appearing to be appropriately referred for PAC services, there
were significant differences in patient clinical “need” characteristics in those readmitted,
suggesting that these patients required greater provision of healthcare services.
Furthermore, facility patients returned seven percent of the time within 24 hours of
discharge likely indicating issues with transitions between hospitals and PAC settings.
As compared to others who went to a facility, these patients were younger, employed,
had evidence of functional decline after an acute event e.g., cerebral artery occlusion or
femur fracture, and were discharged to an IRF. Despite these PAC services, it is
plausible that patients were not clinically ready for discharge or the facility was unable to
provide the requisite level of care at the time of transfer. This illustrates the need for
evidence-based guidelines and CDS tools, aimed at matching patients’ care needs with
the most suitable PAC setting. CDS would likely diminish the risk of patient or provider
preferences influencing referral patterns which ultimately result in misaligned PAC
services. Vertical integration between hospitals and PAC facilities, should include
approaches to assure a smooth transition between settings e.g., collaborative
determination of patient readiness and ability to withstand intensive rehabilitation, and
comprehensive communication mechanisms between different providers and nursing staff
including shared EHR systems. Furthermore, since most IP readmissions occurred within
14 days of discharge, earlier and more intensive monitoring of high-risk patients once in
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the facility e.g., through the use of telemedicine to provide hospital consult as needed,
may avert potentially preventable readmissions.
Patients discharged with HHC services returned sooner and more often for an
ED/OBS visit within 30-days of index discharge, than those who went to a facility or
went home without services. Except for a history of prior admissions, patients with
return ED/OBS visits seemed to have less chronic illness burden. We were unable to
measure when and how often patients received HHC services and if they had seen a
provider before returning to the ED. However, early return for ED/OBS visits and IP
readmissions suggests that management of transitions in care is essential regardless of
PAC type.
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Appendix
S-Table 3.16. Demographic Characteristics by 24-hour vs. 1-30-day IP readmission (N=4981)
Characteristics

Means (SD) [Range] or n (%)
24hr Readm
N=86(17.3%)
75.5 (11.4)[55-96]

>1 day-30d
Readm
N=412 (82.7%)
76.7(10.9)[55-98]

Male
Female

37 (43.0)
49 (57.0)

210 (51.0)
202 (49.0)

White
Black
Other

75 (87.2)
9 (10.5)
2 (2.3)

343 (83.3)
55 (13.4)
11 (2.7)

Hispanic/Latino
Non-Hispanic Latino
Marital Status
Married/Partnered
Divorced/Separated
Widowed
Single
Unknown
Education3
Some High School
Post High school
Employment Status3
Employed
Not employed
Retired
Other
Living Arrangement3
House/Apt
Asst. Living/Facility
Other

0
85 (98.8)

1 (0.3)
406 (98.5)

44 (51.2)
5 (5.8)
20 (23.3)
13 (15.1)
4 (4.7)

185 (44.9)
30 (7.3)
115 (27.9)
59 (14.3)
23 (5.6)

39 (45.4)
45 (52.3)

229 (55.6)
167 (40.5)

13 (15.1)
5 (5.8)
64 (74.4)
4 (4.7)

40 (9.7)
41 (10.0)
289 (70.2)
41 (10.0)

75 (87.2)
4 (4.7)
6 (7.0)

298 (72.3)
18 (19.7)
23 (5.6)

Age

p-value2
.33

Gender3
.31

Race3
.93

Ethnicity3

1

.90

.82

.12

.21

.007

one 24-hr readmission omitted since not facility discharge disposition
values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
3
numbers may not add to 100% if unknowns excluded
2
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S-Table 3.17. Diff. in Clinical Characteristics by 24-hour vs. 1-30-day IP readmission (N=4981)
Characteristics

Number of Comorbidities
Length of Hospital Stay (days)
Fall Risk Score (higher score = higher risk)
Braden Score (lower score = higher risk)
Self-Rated Health3
Excellent/Good
Average
Fair/Poor
Unknown
Primary Diagnosis ICD-9 Codes
001-139 Infectious/Parasitic Diseases
140-239 Neoplasms
240-279 Endocrine/Metabolic/Immunity
280-289 Blood and Blood-Forming Organs
290-319 Mental/Neurodevelopmental
320-389 Diseases of the Nervous System
390-459 Diseases of the Circulatory System
460-519 Diseases of the Respiratory System
520-579 Diseases of the Digestive System
580-629 Diseases of Genitourinary System
680-709 Diseases of the Skin
710-739 Musculoskeletal Diseases
780-799 Symptoms, Signs, & Ill-Defined
800-999 Injury and Poisoning
V01-V89 Supplementary Classification
Hospitalized prior 6 months
None
Once
More than Once
Discharge Medications
No opioid/analgesic
On an opioid/analgesic
Caregiver Presence
Yes
No

Means (SD) [Range] or n (%)
24hr Readm
>1 day-30d
Readm
N=86 (17.3%)
N=412 (82.7%)
3.3 (1.7)[1-9]
3.4(1.9)[0-12]

pvalue1
.004
<.001

6.0(4.6)[1.9-28.0]
median=4.3

5.7(5.7)[1-50]
Median=4.0

66.9 (23.4)
[10-110]
17.9(2.1)[13-22]

49.5 (22.1)
[0-115]
18.4(2.9)[9-23]

44 (51.2)
28 (32.6)
13 (15.1)
1 (1.2)

139 (33.7)
140 (34.0)
132 (32.0)
1 (0.2)

1 (1.2)
6 (7.0)
1 (1.2)
0
0
1 (1.2)
32 (37.2)
2 (2.3)
1 (1.2)
3 (3.5)
0
8 (9.3)
0
31 (36.1)
0

34 (8.3)
21 (5.1)
22 (5.3)
9 (2.2)
6 (1.5)
6 (1.5)
114 (27.7)
44 (10.7)
55 (13.4)
30 (7.3)
10 (2.4)
18 (4.4)
10 (2.4)
30 (7.3)
3 (0.7)

62 (72.1)
15 (17.4)
9 (10.5)

224 (54.4)
119 (28.9)
64 (15.5)

51 (59.3)
35 (40.7)

321 (77.9)
87 (21.1)

<.001

63 (73.3)
23 (26.7)

315 (76.5)
97 (23.5)

.53

1

one 24-hr readmission omitted since not facility discharge disposition
values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
3
numbers may not add to 100% if unknowns excluded
2
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<.001
<.001

.002

<.001

.02

S-Table 3.18. Difference in Change in ADLs by 24-hour vs. 1-30-day IP Readmission (N=4981)
Activities of Daily Living
Means (SD) [Range] or n (%)
24hr Readm
N=86 (17.3%)

>1 day-30d Readm
N=412 (82.7%)

p-value1

Decline
No change
Improvement

68 (79.1)
12 (14)
6 (7.0)

179 (43.5)
191 (46.4)
41 (9.9)

<.001

Decline
No change
Improvement

57 (66.3)
24 (27.9)
5 (5.8)

135 (32.8)
233 (56.6)
41 (9.9)

<.001

Decline
No change
Improvement

21 (24.4)
59 (68.6)
6 (7.0)

57 (13.8)
335 (81.3)
18 (4.4)

.05

Decline
No change
Improvement

62 (72.1)
19 (22.1)
5 (5.8)

145 (35.2)
216 (52.4)
48 (11.7)

<.001

Ambulation2

Bathing2

Eating2

Toileting2

Transfer2
Decline
67 (77.9)
162 (39.3)
No change
13 (15.1)
200 (48.5)
<.001
Improvement
6 (7.0)
46 (11.2)
1 one 24-hr readmission omitted since not facility discharge disposition
2
values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
3
numbers may not add to 100% if unknowns excluded
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S-Table 3.19. Demographic Characteristics by Readmission Status across Facility (N=1206)
Characteristics

Means (SD) [Range] or n (%)
No Readm
N=973 (80.7%)

24hr Readm
N=86(7.1%)

81.0 (10.3)[55-106]

75.5 (11.4)[55-96]

>1 day-30d
Readm
N=147 (12.2%)
79.1(11.2)[55-98]

Male
Female

399 (41.0)
574 (59.0)

37 (43.0)
49 (57.0)

65 (44.2)
82 (55.8)

.731

White
Black
Other

867 (89.1)
84 (8.6)
19 (2.0)

75 (87.2)
9 (10.5)
2 (2.3)

120 (81.6)
24 (16.3)
2 (1.4)

.132

Hispanic/Latino
Non-Hispanic Latino
Marital Status
Married/Partnered
Divorced/Separated
Widowed
Single
Unknown
Education2
Some High School
Post High school
Employment Status2
Employed
Not employed
Retired
Other
Living Arrangement2
House/Apt
Asst. Living/Facility
Other

5 (.51)
965 (99.2)

0
85 (98.8)

0
145 (98.6)

.301

361 (37.1)
63 (6.5)
360 (37.0)
137 (14.1)
52 (5.3)

44 (51.2)
5 (5.8)
20 (23.3)
13 (15.1)
4 (4.7)

54 (36.7)
11 (7.5)
48 (32.7)
20 (13.6)
14 (9.5)

599 (61.6)
332 (34.1)

39 (45.4)
45 (52.3)

92 (62.6)
47 (32.0)

43 (4.4)
65 (6.7)
775 (79.7)
86 (8.8)

13 (15.1)
5 (5.8)
64 (74.4)
4 (4.7)

3 (2.0)
14 (9.5)
109 (74.2)
20 (13.6)

559 (57.5)
302 (31.0)
90 (9.3)

75 (87.2)
4 (4.7)
6 (7.0)

65 (44.2)
64 (43.5)
15 (10.2)

Age

p-value1
<.001

Gender2

Race2

Ethnicity2

1
2

p-values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
Numbers may not add to 100% if unknowns excluded
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.106

.013

<.001

<.001

S-Table 3.20. Difference in Clinical Characteristics by Readmission Status across Facility (N=1206)
Characteristics

Number of Comorbidities
Length of Hospital Stay (days)
Fall Risk Score (higher score = higher risk)
Braden Score (lower score = higher risk)
Self-Rated Health
Excellent/Good
Average
Fair/Poor
Primary Diagnosis ICD-9 Codes
001-139 Infectious/Parasitic Diseases
140-239 Neoplasms
240-279 Endocrine/Metabolic/Immunity
280-289 Blood and Blood-Forming Organs
290-319 Mental/Neurodevelopmental
320-389 Diseases of the Nervous System
390-459 Diseases of the Circulatory System
460-519 Diseases of the Respiratory System
520-579 Diseases of the Digestive System
580-629 Diseases of Genitourinary System
680-709 Diseases of the Skin
710-739 Musculoskeletal Diseases
740-759 Congenital Anomalies
780-799 Symptoms, Signs, & Ill-Defined
800-999 Injury and Poisoning
V01-V89 Supplementary Classification
Hospitalized prior 6 months
None
Once
More than Once
Discharge Medications
No opioid/analgesic
On an opioid/analgesic
Caregiver Presence
Yes
No
1
2

Means (SD) [Range] or n (%)
No Readm
24hr Readm
>1 day-30d
N=973
Readm
(80.7%)
N=86 (7.1%)
N=147 (12.2%)
3.3 (2.8)[0-14]
3.3 (1.7)[1-9]
3.4(2.0)[1-12]

pvalue1
.103
<.001

6.8 (6.4)[1-81.9]
median=4.9

6.0(4.6)[1.9-28.0]
median=4.3

7.9(7.7)[1.1-50]
median=5.2

60.6 (23.1)
[0-125]
16.6(3.0)[7-23]

66.9 (23.4)
[10-110]
17.9(2.1)[13-22]

58.7(21.7)
[0-110]
16.3(2.7)[9-21]

264 (27.1)
364 (37.4)
329 (33.8)

44 (51.2)
28 (32.6)
13 (15.1)

22 (15.0)
54 (36.7)
70 (47.6)

113 (11.6)
42 (4.3)
35 (2.6)
10 (1)
12 (1.2)
28 (2.9)
193 (19.8)
108 (11.1)
59 (6.1)
80 (8.2)
21 (2.2)
41 (4.2)
NR
30 (3.1)
197 (20.3)
4 (0.4)

1 (1.2)
6 (7.0)
1 (1.2)
0
0
1 (1.2)
32 (37.2)
2 (2.3)
1 (1.2)
3 (3.5)
0
8 (9.3)
NR
0
31 (36.1)
0

14 (9.5)
7 (4.8)
9 (6.1
3 (2.0)
3 (2.0)
3 (2.0)
30 (20.4)
16 (10.9)
15 (10.2)
14 (9.5)
4 (2.7)
7 (4.8)
NR
6 (4.1)
16 (10.9)
0

541 (55.6)
250 (25.7)
141 (14.5)

62 (72.1)
15 (17.4)
9 (10.5)

65 (44.2)
49 (33.3)
30 (20.4)

727 (74.7)
231 (23.7)

51 (59.3)
35 (40.7)

110 (74.8)
36 (24.5)

.009

699 (71.8)
274 (28.2)

63 (73.3)
23 (26.7)

110 (74.8)
37 (25.2)

.736

p-values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
Numbers may not add to 100% if unknowns excluded
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<.001
<.001

<.001

<.001

.001

S-Table 3.21. Change in ADLs by Readmission across Facility (N=1206)
Activities of Daily Living
Means (SD) [Range] or n (%)
No Readm

24hr Readm

>1 day-30d
Readm
N=147
(12.2%)

N=973 (80.7%)

N=86 (7.1%)

p-value1

Decline
No change
Improvement

619 (63.6)
267 (27.4)
79 (8.1)

68 (79.1)
12 (14)
6 (7.0)

89 (60.5)
40 (27.2)
17 (11.6)

.073

Decline
No change
Improvement

491 (50.5)
362 (37.2)
108 (11.1)

57 (66.3)
24 (27.9)
5 (5.8)

73 (50.0)
56 (32.0)
16 (10.9)

.170

Decline
No change
Improvement

286 (29.4)
615 (63.2)
63 (6.5)

21 (24.4)
59 (68.6)
6 (7.0)

40 (27.2)
95 (64.6)
11 (7.5)

.893

Decline
No change
Improvement

568 (58.4)
301 (30.9)
92 (9.5)

62 (72.1)
19 (22.1)
5 (5.8)

75 (51.0)
47 (32.0)
23 (15.7)

.031

Ambulation2

Bathing2

Eating2

Toileting2

Transfer2
Decline
587 (60.3)
67 (77.9)
81 (55.1)
No change
283 (29.1)
13 (15.1)
43 (29.3)
Improvement
92 (9.5)
6 (7.0)
20 (13.6)
1
p-values calculated using Chi-square, Fisher Exact or Kruskal-Wallis Tests
2
Numbers may not add to 100% if unknowns excluded
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.017
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TO USUAL CLINICAL DECISION-MAKING: EXAMINATION OF
30-DAY ACUTE HEALTHCARE UTILIZATION
This chapter has been published in the American Medical Informatics Association
(AMIA) Conference Proceedings, and is printed here with permission of the AMIA. The
citation for this publication is:
Keim, S.K. & Bowles, K.H. Comparison of algorithm advice for post-acute care referral
to usual clinical decision-making: examination of 30-day acute healthcare utilization.
American Medical Informatics Association Scientific Symposium Proceedings.
Washington, DC. November 7, 2017.
Abstract
Objective: Compare patient characteristics and acute healthcare utilization between
patients identified as in need of post-acute care (PAC) by the clinical decision support
(CDS) algorithm yet were discharged home without services, to those where the CDS and
hospital clinicians agreed on no referral.
Methods: Retrospective analysis of hospital administrative and clinical data for 1,366
patients.
Results: 30-day acute healthcare utilization rates are significantly higher for those patients
flagged as in need of PAC referral. There are also significant differences in patient
characteristics based on referral risk.
Discussion: Clinicians were blinded to the algorithm enabling the comparison of usual care
to decision support. Future work will examine the effect of sharing algorithm advice with
clinicians on PAC referral rates and utilization.
Conclusion: The CDS algorithm clearly identified patients with high-risk characteristics
and those who will go on to utilize acute care resources. Providing CDS to discharge
planners may improve patient outcomes.
Background and Significance
Efforts to reduce 30-day inpatient (IP) readmissions continue to garner attention
since the 2013 inception of Medicare reimbursement penalties to hospitals with aboveaverage rates for high-volume conditions e.g., heart failure (HF), pneumonia, and acute
myocardial infarction (AMI).33,226 Although readmission rates have declined from 18.1
per 100 patients in 2011 to 17.3 per 100 in 2013,227 concerns remain that many Medicare
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readmissions are potentially preventable,34,36,92 cost $12 billion annually,36 and could be
lowered through better discharge planning (DP) processes.46 Furthermore, approximately
one in five patients presents to the emergency department (ED) within 30 days of an IP
hospitalization, 228 and over half of these patients, especially if Medicare beneficiaries, are
readmitted for an IP or short-term observation (OBS) stay.228-232 Efforts to mitigate this
acute healthcare utilization in the post-discharge period include improved coordination of
post-acute care (PAC) services i.e., home healthcare (HHC) or facility-based care (skilled
nursing facilities or long-term care institutions).208,233
PAC services comprise one of the fastest growing sectors for Medicare spending,61
but referral decisions are frequently based on non-standardized DP practices,234 resulting
in the potential for misaligned utilization. Over-utilization of PAC services incur
significant costs to Medicare,74,235 and under-utilization can leave patients at risk for poor
outcomes including IP readmission.234 DP is a multifaceted and complex process requiring
the collaboration of a multidisciplinary healthcare team i.e., physicians, nurses, social
workers physical therapists, in partnership with patients and their caregivers. Due in part
to shortened lengths of hospital stays (LOS), clinicians often do not have the time or
information necessary to make optimal decisions regarding PAC referrals.41 Despite
efforts to begin this process early within the hospital stay, most discharge decisions are
rushed and made close to the time of discharge.210 Shortened planning time can impact
the ability to effectively arrange for HHC visits or facility placement. In a recent webbased national survey of hospitals enrolled in the Hospital-to-Home (H2H) quality
improvement initiative, only 34.6percent reported that they formally estimate the risk of
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readmission for HF and AMI patients,50 and less than one quarter reported arranging home
visits for most or all patients with these high-risk conditions after discharge.236
Studies have shown that early237 and coordinated DP is more effective than usual
care at reducing IP readmission risk.234,238 However, discharge plans should be tailored to
patient’s needs,239 and consistently employed by the multidisciplinary team.240-242 Clinical
Decision Support (CDS) tools can aid in improving and standardizing DP, 243,244 and in
identifying the need for PAC services.245,246 A naviHealth® proprietary discharge referral
decision support software (IDENTIFY), analyzes data from a validated risk algorithm
developed by Bowles and colleagues,208,247 and notifies discharge planners of PAC risk
early in a patient’s hospital stay. Although recommendations for specific PAC locations
were not included in this algorithm, IDENTIFY implementation has resulted in
significantly lower 30-day IP readmissions for high-risk older adults.209,248
An expanded CDS algorithm Discharge Referral Expert System for Care
Transitions (DIRECT), developed by Bowles and colleagues,75 not only identifies patients
in need of PAC referral, but also recommends specific PAC sites (HHC or facility). This
algorithm was created from expert panel analyses of 1,496 nationally representative case
studies249 of hospitalized patients age 55 and older from six hospitals in the Northeast,
Midwest and Mid-Atlantic regions of the United States. The expert panel, comprised of
clinicians from multiple disciplines e.g., physicians, nurses, social workers, physical
therapists, identified those cases in need of PAC referral, and if applicable, the specific
location for PAC services. Regression modelling was performed to develop a 2-part
automated 30-item (21 are unique variables) risk algorithm. The first part of the DIRECT
133

algorithm (17 variables) flags the need for PAC referral and the second part (13 variables)
recommends the optimal site of care. Validation with a holdout sample produced areas
under the curve of 91.5 and 89.7 respectively for each part of the algorithm indicating very
good to excellent models.250,251 Now also a proprietary technology, this algorithm
computes a risk score based on a variety of patient characteristics that are routinely
collected during a hospital admission including measures of activities of daily living
(ADLs), number of comorbidities, fall risk assessment,212 and pressure ulcer risk.213,252
This score is available within 24 hours of admission and can aid healthcare providers and
discharge planners in proactively identifying high-risk patients therefore allowing time for
effective DP.
Specific Aims
The overall purpose of this study is to compare patient characteristics and acute
healthcare utilization between patients identified in need of post-acute care (PAC) by the
DIRECT clinical decision support (CDS) algorithm, yet were discharged home without
services, with those where the DIRECT CDS and hospital clinicians agreed on no referral
for PAC services. The specific aims and hypotheses (H) of this study are:
Aim 1: In patients discharged home without services, compare the patient characteristics of
those flagged versus those not flagged by the DIRECT algorithm for PAC services.
H 1: Patients discharged home without services will have more limitations in patient
characteristics if flagged versus not flagged by the DIRECT algorithm.
Aim 2: In patients discharged home without services, compare the rate of 30-day acute
healthcare utilization in those flagged versus not flagged by the DIRECT algorithm
for PAC services.
H 2: In patients discharged home without services, those flagged by the DIRECT
algorithm will have a significantly higher rate of acute healthcare utilization
compared to those not flagged for PAC services.
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Methods
Design
A secondary analysis is performed using de-identified data acquired from the control
phase of a multi-center study of quasi-experimental pre-post design (NR01007674) aimed
at measuring the effectiveness of the DIRECT algorithm on PAC referrals and patient
outcomes. During the control phase, clinical and administrative data were collected
retrospectively from two suburban mid-Atlantic, teaching hospitals within one health
system, totaling 800 IP beds with 48,000 admissions and 132,000 ED visits annually. Data
were collected on patients’ index hospitalizations from May 8, 2015 through September 11,
2015 with an additional 30-day follow-up period to measure post-discharge acute healthcare
utilization. During the control phase, clinicians were blinded to the algorithm scores, and
approaches for usual clinical decision-making were utilized with respect to discharge
planning and disposition.
Hospital administrative and admission, discharge and transfer (ADT) databases are
utilized to collect the number of comorbidities, employment status, admission/discharge
dates, primary diagnoses (ICD-9-CM codes) as well as the acute healthcare utilization
variables: 30-day IP readmission or 30-day ED/OBS visit. Clinical data extracted from the
electronic health record (EHR) supply Morse (fall risk) and Braden (pressure ulcer) scores,
changes in ADLs, number of prior hospitalizations within six months, level of self-rated
health, depression assessment, and additional socio-demographic data.
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Sample
Eligible patients were age 55 and older, admitted for an initial IP stay and discharged
alive during the study period. Patients were excluded from the initial control cohort if they
were admitted for an OBS stay only or were missing greater than seven algorithm variables
determined to be key through sensitivity testing in the parent study. Primary diagnoses not
relevant to the sample e.g., perinatal codes, and those potentially related to seasonality
impacting the intervention phase of the parent study e.g., fractures, were omitted from the
sample. In the overall final control cohort of 3,302 patients, those who received a referral
from the hospital and therefore discharged with PAC services, were excluded, yielding a
final sample of 1,336 patients, for this secondary analysis.
Statistical Analysis
The study sample, which represents those discharged to home without PAC
services, was subdivided into two groups (Figure 4.1.): those whom the DIRECT
algorithm flagged for PAC services (n=895), and those who were not flagged (n=441).
These subsets were compared using descriptive statistics with non-parametric (Chi-square,
Fisher-Exact, or Kruskal-Wallis) tests as appropriate. Acute healthcare utilization was
examined using Kaplan-Meier survival analysis with log rank tests to measure
significance between subsets by algorithm flag. Finally, risk for acute healthcare
utilization between subsets was calculated using Mantel-Haenszel weighted risk-ratio
(RR) estimates and stratified based on socio-demographic and clinical factors.253,254
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Figure 4.1. Diagram of Sample Derivation
Results
In the 1,336 sample, patients were on average 71.8 years old (11.15 SD, range
55-103), predominantly white (84 percent), and slightly more than half were male (51
percent). Greater than 50 percent had higher than a high school education, 56 percent
were married/partnered, and approximately 60 percent were retired. They tended to rate
their health as average-to-good (78 percent) and most had not had a prior admission six
months before the index hospitalization (70 percent). Among a number of ICD-9-CM
categories, the most common primary diagnoses were classified as diseases of the
circulatory (27 percent), digestive (19 percent), and respiratory systems (11 percent) and
the average number of comorbid conditions were 3.0 (1.79 SD, range 3-14). The index
hospitalization mean LOS was 3.3 days (2.17 SD, range 1-21). Nursing staff identified
54 percent of patients at moderate risk for falling, and 89 percent at low risk for pressure
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ulcer development; less than 20 percent had any decline in ADLs during their admission.
Finally, 67 percent (895/1336) were flagged by the DIRECT algorithm for PAC referral
but were discharged home without services; of these, the algorithm recommended 36
percent (322/895) for HHC services and 64 percent (573/895) for facility-level care.
Differences in Patient Characteristics by Algorithm Flag
Hypothesis one was supported: Patients discharged without hospital PAC referral,
have significant differences in various patient characteristics based on whether they were
flagged versus not flagged by the DIRECT algorithm for PAC services. Comparative
analysis of eight socio-demographic characteristics (Table 4.1.) revealed significant
differences based on algorithm flag for PAC referral. Those 895 patients who were
flagged for PAC services, tended to be older, single, unemployed/retired, and resided in
an assisted living, or some type of, facility prior to index hospitalization (p<0.001). Those
441 who were not flagged were more often male, married, and well-educated (p<0.001).
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Table 4.1. Comparison of Socio-demographic Characteristics by Algorithm Flag (N=1336)
Flagged (n=895)
Not Flagged (n=441)
Mean [SD (Range)] or n (percent)

Characteristics

73.9 [11.2 (55-102)]

Age (years)
Gender2

67.6 [8.7 (55-95)]

Male
Female

415(46.4)
479(53.5)

261(59.2)
179(40.6)

White
Black
Other

737(82.4)
119(13.3)
36(4.0)

383(86.9)
52(11.8)
5(1.1)

Hispanic/Latino
Non-Hispanic/Latino
Marital Status2
Married/Partnered
Single/Divorced
Widowed
Education2
Some High School
Post-High School
Employment Status2
Currently Employed
Unemployed
Retired
Other
Living Arrangement2
House/Apartment
Assist Living/Facility
Other

9(1.0)
876(97.9)

11(2.5)
427(96.8)

406(45.4)
221(24.7)
219(24.7)

344(78.0)
56(12.7)
23(5.2)

481(53.7)
386(43.1)

150(34.0)
286(64.9)

124(13.9)
89(10.0)
608(68.0)
43(4.8)

207(46.9)
13(3.0)
195(44.2)
17(3.9)

746(83.4)
77(8.6)
47(5.3)

420(95.2)
5(1.1)
13(3.0)

p-value1
<0.001
<0.001

Race2
0.01

Ethnicity2

1
2

0.04

<0.001

<0.001

<0.001

<0.001

p-values calculated using Chi-square, Fisher-Exact or Kruskal-Wallis Tests
Unknowns excluded from tests

Table 4.2. displays the comparison of clinical characteristics and Table 4.3. the
comparison of ADLs, by DIRECT algorithm referral flag; those patients who were flagged
for PAC services were at a significantly higher risk for falls, and had more comorbidities
(p<0.001). They rated their health status lower (p<0.001), and had more hospitalizations
in the past six months (p<0.001). A higher level of decline in ADLs was observed in those
flagged for referral (p<0.001) and although there was no significant difference seen in
feelings of hopelessness (p=0.93), slightly more patients noted they had lost interest in
those activities usually found interesting to them prior to hospitalization, a symptom of
depression (p=0.03).

There were no significant differences in primary diagnosis
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classifications with the highest percentage of index hospitalizations due to diseases of the
circulatory system in both groups.
Table 4.2. Comparison of clinical characteristics by Algorithm Flag (N=1336)
Characteristics
Hospital LOS (days)
Fall Risk Score [0-125]
Braden Score [6-23]
Number of Comorbidities
Self-Rated Health2
Excellent/Good
Average
Fair/Poor
Hospitalized prior 6 mos.2
None
Once
>Once
Depression
Lost Interest
No
Yes
1
2

Flagged (n=895)
Not Flagged (n=441)
Mean [SD (Range)] or n (percent)
3.4 [2.2 (1-20)]
3.1 [2.1 (1-19)]
42.5 [18.4 (0-110)]
27.5 [11.2 (0-75)]
20.0 [2.1 (8-23)]
21.3 [1.2 (16-23)]
3.27 [1.9 (0-14)]
2.7 [1.6 (1-19)]
421(47.0)
300(33.5)
168(18.8)

320(72.6)
95(21.5)
26(5.9)

548(61.2)
236(26.4)
91(10.2)

368(83.5)
62(4.1)
8(1.8)

860(96.1)
18(2.0)

434(98.4)
2 (0.5)

p-value1
0.01
<0.001
<0.001
<0.001
<0.001

<0.001

0.03

p-values calculated using Chi-square, Fisher-Exact or Kruskal-Wallis Tests
Unknowns excluded from tests

Table 4.3. Comparison of ADLs by Algorithm Flag (N=1336)
Characteristics
ADLs:
Ambulation2

Bathing2

Eating2
Toileting2

Transfer2

1
2

No Change
Decline
Improvement
No Change
Decline
Improvement
No Change
Decline
Improvement
No Change
Decline
Improvement
No Change
Decline
Improvement

Flagged (n=895)

549(61.3)
259(28.9)
84(9.4)
664(74.2)
163(18.2)
61(6.8)
820(91.6)
44(4.9)
27(3.0)
607(67.8)
210(23.5)
72(8.0)
569(63.6)
240(26.8)
80(8.9)

Not Flagged (n=441)
n (percent)
432(98.0)
0(0)
9(2.0)
435(98.6)
1(0.2)
5(1.1)
440(99.8)
0(0)
1(0.2)
435(98.6)
0(0)
4(0.9)
440(99.8)
0(0)
1(0.2)

p-values calculated using Chi-square, Fisher-Exact or Kruskal-Wallis Tests
Unknowns excluded from tests
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p-value1

<0.001

<0.001

<0.001

<0.001

<0.001

Acute Healthcare Utilization
Hypothesis two was supported: In patients who were discharged home without
services, those flagged by the DIRECT algorithm had a significantly higher rate of acute
healthcare utilization compared to those not flagged for PAC services.
IP Readmission:
In the 1,366 sample, 10.3 percent (141/1336) of patients whom the hospital
discharged home without services were readmitted to the hospital within 30-days of
discharge. Of these, 77.3 percent (109/141) were flagged as needing a referral, and
ultimately sustained a 12.2 percent 30-day IP readmission rate; 22.7 percent (32/141) were
not flagged by the DIRECT algorithm with a significantly lower readmission rate of 7.3
percent (p=0.006) (Figure 4.2.) Those patients whom the hospital discharged home
without services but were flagged by the DIRECT algorithm for PAC services, had a 67.8
percent higher risk of having a 30-day IP readmission than those who were not flagged
(RR=1.68, 95percent CI=1.15-2.45, p=0.006). Within each patient characteristic, there
were no statistically significant differences in relative risk for readmission across strata
between those flagged and not flagged for PAC services referral.

Figure 4.2. 30-day IP Readmission by Algorithm Referral
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Emergency Department/Short-term Observation Visit
In all patients discharged home without services regardless of DIRECT algorithm
flag (n=1,366), 6.4 percent (86/1336) experienced an ED visit or OBS stay within 30-days.
Of these, 77.9 percent (67/86) were flagged by the algorithm and went home without
services but 7.5 percent returned for a 30-day ED/OBS visit; 22.1 percent (19/86) were not
flagged by the algorithm and had a significantly lower rate of 4.3 percent for return ED/OBS
utilization (p=0.025) (Figure 4.3.) There was a 73.8 percent higher risk of having a 30-day
ED/OBS visit in the group flagged by the algorithm as in high need of PAC services versus
those not flagged (RR=1.74, 95percent CI=1.06-2.85, p=0.026). Again, within individual
patient characteristics there were no differences in risk for ED/OBS visit within 30-days of
discharge, by strata, for those flagged versus not flagged by the algorithm.

Figure 4.3. 30-day ED/OBS visits by Algorithm Referral

Discussion
Our data show differences in socio-demographic and clinical factors between
patients who were flagged versus those not flagged by the DIRECT algorithm for PAC
referral. The majority of patients who were flagged for PAC services were recommended
for facility-level care, suggesting that they are amongst those most at-risk for poor
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outcomes, yet they went home without services. These patients had more overall
limitations as they were on average six years older, had greater chronic illness burden (as
evidenced by more comorbidities, prior hospitalizations, and poorer self-rated health),
had greater fall risk, and greater decline in ADLs during the index hospitalization.
Furthermore, they were more often single or widowed which may leave them more
vulnerable than those who live with others who can surveil changes in health status.
More females were flagged by the algorithm for PAC services but did not receive them;
this may be related to discharging clinicians perceiving women as more capable of
providing their own caretaking, although older females are more likely to use HHC
services than males, due almost entirely to greater health needs.255 Studies have
demonstrated that there is great variability in clinician risk tolerance and decision-making
for PAC referrals especially given the lack of standardized DP processes.247,256
Despite DIRECT algorithm flag, the hospital did not refer patients who were
more frequently unemployed or retired which may be due to insurance type/coverage.
Insurance status is an important predictor of hospital disposition and PAC services, with
uninsured patients less likely to have full access to services.257 It is also conceivable that
patients refused services; Topaz and colleagues found that 28 percent of patients refuse
PAC services but have twice-higher odds of 30- and 60-day readmissions, compared with
those that accept PAC referral.258
When the hospital and DIRECT algorithm agreed on no need for PAC services,
patients were more often well-educated and therefore may be perceived as better able to
understand discharge instructions. Moreover, males were not flagged by the algorithm as
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frequently as their female counterparts; this may be confounded due to 64 percent of
males in the sample being married as compared to females. In a chart review of patients
who refused PAC services, the most frequent reason cited by males was that their spouse
would serve as caregiver.258
Acute healthcare utilization rates were significantly higher for those patients who
were flagged by the DIRECT algorithm but discharged home without services. Those in
need of PAC services per the algorithm, had a significantly greater risk of either IP
readmissions or ED/OBS visits within 30-days of hospital discharge. Since flagged
patients who went home without services were readmitted at a rate of approximately five
percentage points higher than those not flagged, there is considerable potential for costsavings. The average cost of a IP readmission is $13,800 for Medicare beneficiaries aged
65 and older, which is 5 percent higher than for an index admission in the same
population.227 Potentially preventable readmissions may be avoided by aligning PAC
services for those most at risk.
There were no differences, in risk of IP readmission or ED/OBS visit by strata
within characteristics, demonstrating the complexity of risk prediction for post-discharge
acute healthcare utilization. An intricate interaction of patient factors contribute to these
risk scores emphasizing the importance of CDS tools to aid clinicians making DP
decisions.
Study limitations include data acquisition from one health system in a suburban
region yielding a sample that was homogenous with respect to race/ethnicity. As with
any observational study, no conclusions regarding causality are possible; also there is
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always concern about unobserved bias (no instrumental variable was available to mitigate
this bias). There are also limitations in examining same-hospital readmissions which
may potentially underestimate rates although this is less likely given that neither hospital
within this health system are major referral centers. There are frequently challenges in
using clinical data extracted from the EHR including concerns regarding the accuracy of
data output,259 much effort was spent during the parent study to reduce this risk. Lastly,
we were unable to measure the extent to which patients refused PAC services rather than
hospitals not making referrals.
Conclusion
These results indicate that the DIRECT algorithm is identifying patients who are
likely to have poor discharge outcomes and that there is the potential to improve
outcomes by referring them for appropriate PAC services. As observed in this analysis,
the mean index admission LOS of three days affords healthcare team members a narrow
window in which to assess PAC referral and for discharge planners to actualize these
plans. Since the DIRECT algorithm provides decision support soon after admission,
there is an opportunity to optimize these DP processes. Future intervention studies are
warranted to examine the effect of sharing DIRECT algorithm advice with clinicians on
PAC referral rates, and acute healthcare utilization in the early post-discharge period.
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CHAPTER 5: CONCLUSION
Chapter 2: Paper 1
The first aim in this three-paper dissertation was to examine the literature for
patient- and organizational/systems-level factors associated with early, unplanned
inpatient (IP) readmissions for the high-volume conditions (acute myocardial infarction
(AMI), heart failure (HF), and pneumonia (PN)) in older adults by various definitions of
readmissions pre- and post- the Medicare Hospital Readmissions Reduction Program
(HRRP) first Final Rule (in 2012). We were unable to fully meet this aim for a variety of
reasons. Although it has been five years since the implementation of the Centers for
Medicare and Medicaid Services (CMS) HRRP, the literature examining current data for
factors associated with 30-day readmission risk for older adults with the original target
conditions was sparse. In the selected literature, researchers almost exclusively utilized
large administrative datasets (collected prior to 2010) to specifically analyze all-cause
readmissions. This reflects, perhaps, not only the usual delay in dissemination of
research results due to e.g., acquisition and expense of claims datasets, but also a
potential shift in focus from observational work to intervention efficacy studies.
Furthermore, CMS utilizes an all-cause methodology to determine excess readmission
rates which likely impacted research designs. Although researchers continue to debate
whether a highly reliable method for determining potentially preventable readmissions
(PPRs), it was somewhat surprising that more studies did not examine this type of
readmission since CMS also utilizes 3M™ PPRs Grouping Software92 to report PPR
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rates. Lastly, CMS amends the HRRP Final Rules annually by e.g., adding new target
conditions, which also likely impacted new and varied research interests.
Despite the preponderance of studies (in this review) examining older
administrative data, we were able to identify some significant patient- and
organizational/systems-level factors associated with readmission risk. Utilizing
Andersen’s Behavioral Model of Health Services Use122-124 to frame this review, we
found that most of the literature identified contextual (organizational or systems-level)
factors including processes of medical care delivery, and individual patient clinical need
factors, associated with readmission risk. A few studies, however, examined
predisposing individual sociodemographic characteristics including age, gender, race,
ethnicity, and contextual predisposing factors i.e., population-level education or
employment type. Very few studies examined enabling factors i.e., aggregate income,
individual dual-Medicaid eligibility.
Age and gender were inconsistently associated with readmission risk and tended
to be condition-specific, or dependent upon whether administrative or clinical data were
analyzed. Blacks and Hispanics were readmitted more often than whites even when
controlling for hospital characteristics, although once adjusted for socioeconomic status
(SES) or comorbidities, these relationships were no longer statistically significant in
some studies. Furthermore, race and ethnicity were linked with higher rates of samecause readmissions also suggesting that comorbidities are contributory, and that race and
ethnicity are not necessarily independently associated with readmission risk. Although
only examined in a few studies, older adults living in communities in which the
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educational level was higher, and the income level was uniform tended to be readmitted
less often within 30-days although the latter results were dependent upon the type of
income measurement. When proxy measures for individual income e.g., zip code of
patients’ community or hospital location, were utilized, adjustments for hospital
characteristics e.g., hospital proportion of dual-Medicaid eligible patients, negated the
significance. In one study, despite medication adherence, dual-Medicaid eligibility was
significantly related to higher AMI readmission risk suggesting that lower income is
impactful in other ways i.e., less access to skillful medical care.172,181 Although these
risks are not necessarily modifiable, understanding those patients most at-risk for
readmission can aid providers in focused interventions that reduce readmissions in ways
that consider these challenges.
Individual patient characteristics associated with readmission risk centered mainly
on clinical need factors. Certain clinical diagnoses e.g., HF, coronary artery disease
(CAD), chronic obstructive pulmonary disease (COPD), anemia and renal failure (RF),
were most often linked with readmission risk across all target conditions. Other clinical
factors e.g., hyponatremia, history of prior hospitalizations, cardiac arrest history, and
decline in activities of daily living (ADLs) during the index hospitalization, were
examined in separate studies and found to be strongly related to greater readmission risk.
Although this literature was somewhat sparse, the results are consistent with findings
from other studies in which a history of prior IP admissions,185,186 and functional
decline,11,187-189 were associated with higher readmission raters for older adults. These
clinical factors are not predominantly displayed, and often located in different areas, in
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the electronic health record (EHR). Clinicians and discharge planners would likely
benefit from having early signaling of patients with these high risk factors when
determining readiness for discharge, and need for post-acute care (PAC) services to
mitigate readmission risk.
Different times during the post-discharge period were associated with risk
(contextual need) for readmission. Although only examined in four studies, risk for
readmission for all three target conditions was highest within two-to-five days postdischarge. The majority of readmissions also occurred within 15 days of discharge,
suggesting that efforts centered on managing transitions in care remains essential. The
effect of discharge disposition or specific PAC services on readmission risk was not wellstudied in the literature selected for this review, thus implying the need for future
research.
For a variety of the target conditions, processes of medical care delivery were
related to readmission risk. Certain hospital characteristics and services i.e., higher
hospital proportion of serving minority patients, unavailable invasive cardiac services,
high intensive care (ICU) utilization, less related-patient volume, were associated with
higher readmission risk. Hospital performance deficits including low adherence to core
quality process measures, poor nurse staffing and work environments, or unmet nursing
tasks were also related to higher readmission rates. Given that hospitals still have room
for improvement in implementing readmission strategies,50 these largely modifiable
factors should be incorporated into those efforts.
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Although we were unable to fully meet this first study aim, it remains important
to examine trends in readmission factors for the initial target conditions for a variety of
reasons. Originally identified as those conditions with the highest relative risk for
readmission in older adults, readmission rates have plateaued since the HRRP
implementation in 2012,138 suggesting that (1) hospitals are not fully implementing
interventions known to reduce readmissions, (2) there remain unstudied factors
associated with readmission timing and risk, which also impacts further intervention
efforts, or (3) rates are nearing those achievable without sacrificing other outcomes e.g.,
mortality. Without a basis of comparison including more longitudinal methods, reaching
optimal readmission performance may be unattainable. Furthermore, qualitative studies
aimed at gaining the perspectives of patients and their caregivers, as well as providers,
would likely enable a broader understanding of factors specifically contributing to PPRs.
Although older and important studies spurred the inception of the HRRP,
continued examination of factors associated with readmissions, particularly in an everevolving healthcare environment, can provide us with a deeper understanding of the
complexities in readmission prediction. Since certain important findings e.g., functional
decline, cardiac arrest history, are not available in administrative data, future studies
utilizing this type of clinical data are essential. Moreover, almost no literature in our
integrative review examined post-discharge factors impacting readmission risk for the
original target conditions in older adults. Of course, we did not include intervention
studies which may have influenced our findings, nonetheless, since PAC services
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currently comprise the greatest sector of Medicare spending,194 understanding the impact
of PAC services for these conditions (and others) in older adults is necessary.
Chapter 3: Paper 2
Using clinical data acquired from the control phase of a multi-hospital study
(NR01007674), the second paper in this dissertation aimed to examine the impact of PAC
services on not only IP readmissions but also emergency department (ED) and short-term
observational stays (OBS) in the 30-days after discharge from the hospital. In a cohort of
3,294 older adult inpatients, we examined differences in patient characteristics and timeto-post-discharge acute healthcare utilization by various types of hospital discharge
disposition i.e., home without services, home with home healthcare (HHC) services, or to
a PAC facility e.g., skilled nursing facility (SNF) or inpatient rehabilitation facility (IRF).
Also utilizing Andersen’s Behavioral Model of Health Services Use, we now
examined patient-level predisposing sociodemographic, and need (both perceived by the
patient, and professionally evaluated) factors, as well as, health behaviors for their
association with readmissions. We first hypothesized that those patients readmitted for
an IP stay within 30-days of index discharge, would have greater levels of functional
decline and chronic illness burden (at the time of index hospital discharge), than those not
readmitted despite appropriate discharge disposition.
To determine the appropriateness of discharge disposition, we examined a number
of demographic, and clinical factors e.g., fall risk score, number of comorbidities,
primary diagnoses, functional capacity, across the aforementioned three disposition types.
As expected, those patients who appeared the sickest e.g., poorer self-rated health, higher
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fall risk, longer index hospitalization, seemed to receive more intense levels of PAC
services. Given this, we then analyzed differences in these characteristics for those who
utilized acute healthcare services (IP or ED/OBS) within 30-days of discharge versus
those who did not. Our first hypothesis was partially supported in that greater functional
decline and chronic illness burden (measured as a greater number of comorbidities and
previous hospitalizations, and poorer self-rated health) were observed in those that had a
30-day IP readmission as compared to those patients who did not return in this same
timeframe. However, those that returned for an ED/OBS stay within 30 days of
discharge, only differed from those who did not, by having a history of prior
hospitalizations. These findings suggest that those patients with greater chronic illness
burden and functional decline were admitted for an IP stay rather than “treated and
released” from the ED, or monitored in an OBS unit for up to 48 hours.
We further hypothesized that patients who were referred for facility-level PAC
services would have both higher rates and earlier 30-day acute healthcare utilization than
those who were discharged home with or without services. This hypothesis was partially
supported in that patients who were discharged to a PAC facility had higher rates and
earlier utilization of IP care, but were not as likely to return for an ED/OBS stay as those
that went home with HHC services.
Overall IP readmission rates were calculated at 15.2 percent across all discharge
disposition types. Consistent with other literature,143,144 most readmissions regardless of
discharge disposition, occurred within 14 days of index discharge. Those who were
discharged to facility returned more frequently, at a rate of 19.3 percent, than those who
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went home with HHC services who returned at 16.6 percent, and those patients who went
home without services who returned 10.6 percent of the time. Furthermore, rates surged
slightly after 20 days post-discharge for those who went to a facility, coinciding with the
start of daily Medicare co-insurance,217 and the average SNF LOS of 26.5 days;218 it is
certainly possible that patients went home from the facility before IP readmission. Those
patients who went to a PAC facility also returned sooner than those who went home (with
or without services), largely due to a significantly greater number of IP readmissions
within 24 hours of discharge (7.1 percent). These findings are consistent with another
study in which eight percent of patients discharged to a SNF returned for an IP
readmission within 48 hours of hospital discharge.216 After performing a sensitivity
analysis in which we removed those patients who returned within 24 hours from the
Kaplan-Meier survival analysis, readmission rates for SNF actually lowered below those
of HHC patients.
It has been suggested that readmissions from a facility occurring early in the postdischarge period, generally reflect organizational or systems issues i.e., difficulties with
transition between hospital and SNF, or due to a mismatch between patient needs and
facility resources.71 Nonetheless, we performed a post-hoc analysis to examine for any
differences in patient-level factors unique to those that returned within 24 hours from
facility. When compared to other patients who went to a facility (whether readmitted or
not), they tended to be younger, better educated, currently employed, living
independently prior to index admissions, had a shorter index LOS, and had less evidence
of chronic illness burden. They did, however, have a much greater risk for falling,
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decline in some ADLs, and were more likely to be discharged on pain medications.
Furthermore, these patients most often had diseases of the circulatory system e.g.,
cerebral or carotid artery occlusion, or injury, e.g., femur or humerus fractures and were
discharged to an IRF, further suggesting their change in health status was due to a recent,
acute illness/injury. When compared to all others who were readmitted (regardless of
discharge disposition), they did not have significant differences in sociodemographic
factors except that they were more likely to have lived independently prior to index
admission. They also had much greater fall risk, functional decline, and less evidence of
chronic illness burden. These findings are similar to those of other studies in which
functional decline71,206,219 and clinical instability216 at the time of discharge, were found
to be associated with greater IP readmission risk from a SNF. And in yet another study,
patients specifically discharged to an IRF, who has shorter index hospitalizations, in
addition to poor functional improvement, were more likely to be readmitted within 30days.219
In contrast, those patients who went home with HHC services returned more often
than others for an ED/OBS visit within 30-days or discharge. Crude ED/OBS return rates
were calculated at 8.8 percent for HHC patients, 6.4 percent for patients who went home
without services, and 4.2 percent for those that went to a PAC facility. When analyzing a
composite acute healthcare utilization rate (IP readmission plus ED/OBS return stay),
patients receiving HHC services also had the highest use at 23.1 percent, followed by
those from facility at 22.8 percent, as compared to patients who went home without
services at a rate of 16 percent. Patients receiving HHC services were also more likely to
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return sooner for an ED/OBS stay within five-to-seven days post-discharge. It is
conceivable that within this timeframe, they may not have had many nursing visits and
probably did not see their provider before their return. Coupling of earlier and intensive
HHC services with a timely provider visit has been shown to reduce the probability of
readmission rates by approximately eight percentage points.193 As also seen with IP
readmissions, rates for return ED/OBS use in those that went to a PAC facility, slightly
spiked at 20 days coinciding with average SNF discharge timing.
Our findings suggest that more research is necessary particularly as related to
early IP readmission after discharge to a PAC facility. Those readmissions occurring
within 24 hours, strongly suggest that systems issues i.e., patient preferences, provider
practice norms, unstandardized discharge-readiness assessments, suboptimal information
exchange between acute/sub-acute providers, impact this risk. Furthermore, since
readmitted patients had greater evidence of chronic illness burden despite seemingly
appropriate discharge disposition, it is plausible that patients either refused services or
were not stable enough for discharge. Alternatively, patients may have required longer or
more intense PAC services than rendered, or even available in the current model of care
delivery. The extent to which health policy incentives facilitate mutual accountability of
hospital and PAC providers, e.g., the CMS Bundled Payment Care Initiative,62 will
require future investigation. Ascertaining the appropriate resources e.g., nursing staff,
clinical guidelines, necessary to offer optimal levels of PAC facility care for more
complexly ill patients is also yet to be determined. Finally, discharging providers would
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likely benefit from CDS tools that provide standardized recommendations for PAC
referral based on evidence-based patient-level factors associated with readmission risk.
Chapter 4: Paper 3
In the final paper in this dissertation, the same data were utilized to examine the
extent to which a CDS algorithm identified patients most at-risk for 30-day acute
healthcare utilization. The data were acquired from the control phase of a multi-center
quasi-experimental study (NR01007674) aimed at measuring the effectiveness of a CDS
algorithm, Discharge Referral Expert System for Care Transitions (DIRECT)75 on PAC
referrals and patient outcomes. The DIRECT algorithm not only identifies patients in
need of PAC services but also recommends specific PAC type (HHC or facility-level).
Furthermore, this algorithm contains key variables e.g., prior hospitalizations within six
months, functional decline, absent from most other models. During the control phase of
this study, clinicians were blinded to the algorithm results while data were collected
regarding various sociodemographic and clinical factors, and hospital discharge
disposition recommendations. In a cohort of older patients sent home without PAC
referral, we aimed to compare the patient characteristics and 30-day acute healthcare
utilization of those flagged versus those not flagged by the DIRECT algorithm for PAC
services. For this cohort, we hypothesized that if patients were flagged as in need of PAC
services by the DIRECT algorithm, they would have: (1) more limitations in patient
characteristics, and (2) significantly higher rates of acute healthcare utilization than those
not flagged for PAC services.
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In the control cohort narrowed to 1,336 patients who were sent home without
PAC referral, there were significant differences in patient characteristics hence
supporting the first hypothesis. Those flagged as in need of PAC services but
nonetheless went home without services, tended to be older, female, less-educated,
unemployed/retired, and residing in an assisted living/facility prior to index
hospitalization. They also had evidence of chronic illness burden i.e., poorer levels of
self-rated health, more hospitalizations in the past six months, and more comorbidities.
Additionally, they were at a higher risk for falls, and had an overall higher level of
functional decline.
Hypothesis two was also supported in that those patients flagged by the DIRECT
algorithm as in need of PAC services but were discharged home without services, had
higher rates of acute healthcare utilization compared to those not flagged for PAC
services. In all patients with an IP readmission (who had been discharged home without
services), those flagged by the DIRECT algorithm returned at a rate of 12.2 percent as
opposed to those not flagged who returned 7.3 percent of the time. Those flagged had a
67.8 percent higher risk of having a 30-day IP readmission than those not flagged
emphasizing the importance of CDS in aiding discharge planning. Patients sent home
without a PAC referral regardless of DIRECT algorithm flag, returned at a rate of 6.4
percent for an ED/OBS visits within 30-days of index hospital discharge. Of these,
approximately 78 percent were flagged by the algorithm and subsequently returned at a
rate of 7.5 percent compared to those not flagged at a significantly lower rate of 4.3
percent. Those flagged by the DIRECT algorithm has a 73.8 percent higher risk of 30-
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day return ED/OBS visit as compared to those not flagged. Had clinicians been availed
of CDS recommendations, they may have referred patients to the appropriate PAC setting
more frequently, potentially resulting in lower 30-day post-discharge acute healthcare
utilization. Future intervention studies examining the effect of sharing DIRECT
algorithm advice with clinicians on PAC referral rates, and subsequent acute healthcare
utilization in the early post-discharge period are important.
Overall, this dissertation first examined the literature for patient- and
organizational-factors associated with readmission risk for high-volume conditions in
older adults. In addition to hospital-level factors, patient-level clinical factors i.e., history
of prior hospitalizations, functional decline, were identified for significant association
with IP readmission. A dearth of literature studied the association of PAC services with
readmission risk, leading to research questions posed in the second paper in this
dissertation which aimed to examine individual risks for readmission across discharge
disposition. Those patients who went to PAC facilities (specifically IRFs) returned
significantly sooner (within 24 hours) and had different patient characteristics than all
others who went to facility, or all others who were readmitted. Although most likely due
to organizational factors i.e., reliably establishing readiness for discharge, effective
communication across healthcare delivery systems, these patients looked differently from
most that were referred to a PAC facility i.e., shorter index LOS, younger, more often
employed, suggesting provider practice norms and patient preference may have
influenced discharge decisions. CDS would likely aid clinicians by providing for an
evidence-based approach for identifying patients most at-risk for readmission and in need
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of specific PAC services. The final paper examined the potential for a CDS (DIRECT)
algorithm to lessen readmission risk through appropriate PAC referrals. Results implied
that had clinicians been privy to algorithm results, return acute healthcare utilization rates
may have lessened. Future studies should not only include the input of all involved in the
transition of care from acute to PAC services to gain insights as to what factors contribute
to PPRs, but also to extend the use of CDS mechanisms to identify types of specific PAC
services e.g., IRF versus SNF, and assess discharge readiness. Lastly, once optimal
discharge disposition has been reliably identified based on patient need, organizational
factors to effectively manage transitions i.e., clinical pathways, appropriate PAC
resources, warrant study.
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