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Research Objective. This study examines small area variations in readmission rates
to assess whether higher readmission rate in an area is associated with higher clusters of
patients with multiple chronic conditions.
Study Design. The study uses hospital discharge data of adult (18+) patients in 6 U.S.
states for 2009 from the Healthcare Cost and Utilization Project of the Agency for
Healthcare Research and Quality, linked to contextual and provider data from Health
Resources and Services Administration. A multivariate cross sectional design at pri-
mary care service area (PCSA) level is used.
Principal Findings. Adjusting for area characteristics, the readmission rates were sig-
nificantly higher in PCSAs having higher proportions of patients with 2–3 chronic con-
ditions and those with 4+ chronic conditions, compared with areas with a higher
concentration of patients with 0–1 chronic conditions.
Conclusions. Using small area analysis, the study shows that areas with higher con-
centration of patients with increased comorbid conditions are more likely to have
higher readmission rates.
Key Words. Hospital readmissions, multiple chronic conditions, small area
analysis, comorbidities, U.S. states

Readmission to U.S. hospitals has received growing attention because of
implications on cost and quality of care. To add to this growing interest are
concerns that a remarkable number of readmissions are preventable (Weiss-
man et al. 1999; Jiang et al. 2003; Friedman and Basu 2004; Jencks, Williams,
and Coleman 2009). While the readmission rate is often presented as a mea-
sure of the performance of hospitals, it may also be a useful indicator of the
performance of our health care system (Ashton and Wray 1996; Jencks, Wil-
liams, and Coleman 2009). Although studies document urban-rural differ-
ences in readmission rates, no study has yet examined the variations in

©Health Research and Educational Trust
DOI: 10.1111/1475-6773.12401
RESEARCH BRIEF

1135

Health Services Research



readmission rates across small areas. Dartmouth Atlas group examined hospi-
tal referral regions and reported striking variations in 30-day readmission
rates for medical and surgical discharges (Goodman, Fisher, and Chang 2011;
Dartmouth Atlas 2013). These studies also indicate that little progress has been
made in reducing readmissions and improving care coordination between
2004 and 2009. The findings of these studies consistently highlight wide-
spread and systematic failures in coordinating care for patients after they are
discharged from the hospital.

The broad purpose of this study is to assess the small area variations
in readmission rates and to examine the extent to which multiple chronic
illnesses contribute to such variations. The issue is significant in the context
of previous research that reported chronic conditions to be a stronger pre-
dictor of hospital readmission rates relative to acute conditions ( Jiang et al.
2003; Friedman, Jiang, and Elixhauser 2006, 2008; Hubbard et al. 2014).
To add to this body of research, this is the first study that adopts a small
area-level approach to assess the independent association between hospital
readmission rates and the proportion of patients with multiple chronic ill-
nesses in the area. By focusing on the area of residence of patients, the
study also addresses a research gap that links readmission rates to where
patients live (Dartmouth Atlas 2013; Goodman 2013). The study builds on
work by Herrin et al. (2015) that shows the importance of the community
factors in predicting readmission rates. This is also the first study that pro-
vides an analysis of readmission rates at the primary care service area
(PCSA) level, developing a conceptual framework and testing hypotheses
at that level.

BACKGROUNDAND CONCEPTUAL FRAMEWORK

Typically, a complex interplay of personal, medical, and social factors deter-
mines whether patients successfully recover or cope with their condition fol-
lowing a hospital stay or experience deterioration that leads to readmission
(McCarthy, Johnson, and Audet 2013). Figure 1 depicts a conceptual model
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for readmissions using a combination of the Andersen-Newman framework
(Andersen 1995) and Structure-Process-Outcomes framework by Aday et al.
(1998) and Ashton and Wray (1996). The model shows that various socio-
demographic features of the patients and the community, including predis-
posing (gender, race, age), enabling (income, insurance, literacy), need
(health status, prevalence of chronic illness), and environmental (resource
supplies, primary care provider and population density, and geographic
location) characteristics together contribute to generate a hospital admission.
The factors that contribute to readmissions should include all of the above,
plus those occurring during the hospital stay such as poor processes of care
(delivery of care such as care coordination, service utilization, adequate
length of stay, equitable care, and safety-net status), and suboptimal struc-
ture of care (workforce, number of hospital beds) followed by the transition
into a suitable post-discharge care environment (such as inadequate care
coordination, self-management capabilities, and access to primary care,
etc.). Hospital structural characteristics and measures of processes of care, as
well as hospital mortality outcomes, are often used as indicators of quality
of hospital care. In the multivariate analysis that follows, we will use selected
variables based on this conceptual framework.

Figure 1: Conceptual Framework for Readmission

Note. Readmission occurs after the patient is discharged from the index hospital admission.
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STUDYDESIGN ANDMETHODS

The study uses a multivariate cross sectional design, regressing area hospi-
tal readmission rates for all causes on area-level prevalence indicators of
chronic conditions, holding other area-level factors constant. Consistent
with the conceptual framework, the analysis is conducted using two mod-
els. In the first model, we primarily focus on the personal and community
characteristics that contribute generally to a hospital admission (Model 1,
Table 3). In the second model, which constitutes the broader analysis
(Model 2, Table 3), a fuller model is constructed with selected additional
covariates representing the characteristics and the quality of the hospitals of
the area. This latter set of variables may include both encounter-level and
organizational factors described by Vest et al. (2010) and are related to sub-
optimal structure of care provided in the community and hospital, as
described in the conceptual framework.

The study uses hospital discharge data of patients in six US states: Cali-
fornia (CA), Florida (FL), Missouri (MO), Nevada (NE), New York (NY), and
Tennessee (TN), for 2009 in the adult age group (18 and above). The states
were selected based on the availability of confidential 2009 HCUP-SID data
and encrypted patient identifier to calculate readmissions. The data are
obtained from the Healthcare Cost and Utilization Project (HCUP) State
Inpatient Databases (SID) of the Agency for Healthcare Research and Quality
(AHRQ, 2004), linked to the contextual and provider data from Health
Resources and Services Administration (HRSA) by the PCSAs (described
below).

In this study, we use PCSA as the small area unit, a group of zip codes
validated in previous research as natural markets for primary care (Goodman
et al. 2003). We classified patients by their areas of residence, and PCSA is
used as the areal unit. To create the analytical files, we first created PCSAs by
using 2009 zip code file by state with latitude and longitude, and 2006 PCSA
boundary files from RTI or HRSAwebsite, and determined, for each zip code,
whether latitude and longitude of the zip code is inside a particular PCSA.
Next, we combined the discharge data in HCUP-SID available by zip code of
patient residence and linked to data from American Hospital Association
(AHA) for hospital characteristics. Finally, we merged discharge data by
PCSA derived from HCUP on to HRSA files to obtain the contextual data at
the PCSA level. Dataset was limited to PCSAs within the state. There are a
total of 1,261 PCSAs in the six states we use for the study.
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Table 1 displays the data on average admission rates per 1,000 popula-
tion, average 30-day readmission rates per 1,000 population, average 30-day
readmissions as percent of total index admissions, and the coefficient of varia-
tions (CV) estimates. The table indicates that there were substantial variations
in both admissions per 1,000 and 30-day readmissions per 1,000 across
PCSAs of each state, the variability being higher for 30-day readmissions than
admissions per 1,000 population. The readmissions as percent of total admis-
sions indicate smaller overall variation than the other two measures.

MULTIVARIATE MODELS

Model Selection: To examine small area-variations in readmission rates, we first
conducted the Breusch-Pagan and Park tests for heteroskedasticity. Both show
evidence of heteroskedasticity; therefore, we used a generalized linear model
which relaxes normality and heteroskedasticity assumptions (see McCullagh
and Nelder 1989). Goodness of fit analyses were conducted to correctly spec-
ify the model, in which a gamma distribution and log link were selected. The

Table 1: Total Admissions and Readmissions Per 1,000 Population, Percent
Readmissions and Coefficient of Variation (CV) among Primary Care Service
Areas by State,* 2009

State
Number of
PCSAs

Total Admissions Per
1,000 Population

Readmissions within 30 Days

Per 1,000 Population
Percent of Total
Admissions

Rate Per 1,000 CV Rate Per 1,000 CV
% of Total
Admissions CV

California 333 92.9 0.29 7.3 0.36 7.8 0.15
Florida 165 113.6 0.30 9.6 0.39 8.4 0.23
Missouri 201 120.9 0.29 10.9 0.36 8.9 0.14
Nebraska 115 127.5 0.37 11.1 0.44 8.5 0.13
NewYork 309 131.0 0.32 11.6 0.36 8.7 0.11
Tennessee 138 142.7 0.27 14.3 0.36 9.9 0.19
All states 1,261 118.4 0.34 10.5 0.44 8.7 0.18

Notes. Coefficient of variation (CV) shows the extent of variation by dividing the standard devia-
tion by themean PCSAvalue. A higher value meansmore variation.
*Only includes in-state residents that received care in their respective states.
Source: Healthcare Cost and Utilization Project State Inpatient database (2009); Health Resources
and Services Administration, Spatial dataWarehouse (http://datawarehouse.hrsa.gov).
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model also used fixed effects by state to control for time invariant unmeasured
factors as well as to partially adjust for the omitted variable bias in the estima-
tion process.

Dependent Variable: Area Hospital Readmission Rates

We focus on all-cause hospital readmission rates within 30 days of an index
hospital admission of any type. The 30-day readmission rate is defined as the
percentage of patients who are readmitted within 30 days after being
discharged from an index hospital stay between January and November 2009.
Each hospital stay can be a new index admission, and a single patient can be
counted multiple times during the course of the January through November
observation period. In addition, a hospital stay may be a readmission for a
prior stay and the index admission for a subsequent readmission. However, no
more than one readmission is counted within the 30-day period since the out-
come measure assessed here is the percentage of patients who are readmitted.

Primary Explanatory Variable: Patients with Multiple Chronic Conditions

The primary explanatory variable in this study is the number of discharges
with multiple chronic conditions as a percent of total hospital discharges of
area residents. According to the conceptual framework, this variable
approximates the need characteristics of the population in the community.
We define patients with multiple chronic conditions using algorithms con-
sistent with other research using HCUP-SID data (Steiner and Friedman
2013). The study used the set of chronic conditions developed by the
Department of Health and Human Services Interagency Workgroup on
multiple chronic conditions and the Office of the Assistant Secretary of
Health (Goodman et al. 2013). These conditions included both physical
and behavioral health factors and are listed below.1 Highly related diag-
noses of the same condition were grouped together using an established
Clinical Classification System (CCS) (HCUP CCS 2012). The CCS cate-
gories were matched to the established set of chronic conditions. Following
suggested and recently used methods (Elixhauser et al. 1998; Steiner and
Friedman 2013), we use a count of chronic conditions, allowing for clusters
as necessary, and use the following groups: 0–1; 2 or 3; 4 and above. The
relative occurrence of multiple chronic conditions in an area is calculated
as proportions of total hospital discharges in a PCSA with the following
clusters of chronic conditions: 0–1 (reference); 2–3; 4 and more.
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Other Covariates

The following independent variables were considered in the first regression
model (Model 1, Table 3), all calculated as proportions of total population (or
total discharges as proxies) in the PCSA. Three variables are used to measure
predisposing characteristics of the population living in the community, con-
tributing to population lifestyle or socio-economic status: age, race, ethnicity,
and gender. Two variables representing enabling characteristics of the popula-
tion in the community are insurance status and median household income.
Insurance categories were calculated as the proportions of total hospital dis-
charges in a PCSA having the respective insurance types: private (reference),
Medicare, Medicaid, uninsured, other payers. Three variables representing
environment characteristics were primary care provider density, population
density, and PCSAs with urban/rural residence status, retrieved fromHRSA’s
spatial data warehouse and calculated respectively as number of primary care
physicians (PCP) per 100,000 population (divided into discrete categories 0–
4; 5–14; 15–57; 58+ (reference)), thousands of total population per square mile
land area, and urban rural commuting area (RUCA).

The second model displays a fuller analysis including additional area-
level variables that reflect structure and processes of care in the hospital, as
described in the conceptual framework (Model 2, Table 3). These additional
variables, calculated from individual discharge data from HCUP (linked to
AHA data) and aggregated and averaged to the PCSA level, included average
bed size of the hospitals (measured by its bed size grouped into small, medium
and large), average length of stay (LOS) of patients discharged from the hospi-
tals, and average mortality rate of patients discharged from the hospitals.

FINDINGS FROM THE MULTIVARIATE ANALYSIS

Table 2 shows the descriptive statistics on the independent variables by six
states for which we pool data together for the multivariate analysis. The data
are pooled for a total 1,261 PCSAs in these states, showing wide variations
across states in socio-economic characteristics as well as health care accessibil-
ity factors. For example, patients who had four or more chronic conditions
ranged from 48 percent (Nebraska) to 65 percent (Tennessee) of total hospital
discharges. States varied by geographical characteristics with PCSAs in
Nebraska being mostly rural and those in California, Florida, and New York
mostly urban. The average PCSA age distribution tends to be younger in
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California and older in Nebraska. PCSAs in Nebraska and Missouri are pre-
dominantly white, whereas Florida and California have the largest propor-
tions of blacks and Hispanics, respectively.

Table 3 shows the results from the multivariate regression models,
where bothModels 1 and 2 are presented. Controlling for covariates, readmis-
sion rates are significantly greater in areas with a higher prevalence of multiple
chronic condition discharges in Model 1. The readmission rates are signifi-
cantly higher in PCSAs having higher proportions of patients with 2–3
chronic conditions (coefficient = 0.44, p < .05), as well as those with 4+
chronic conditions (coefficient = 0.25, p < .05), compared to the areas with a
higher concentration of patients with 0–1 chronic conditions (the reference
group). Readmission rates are also greater in areas with higher prevalence of
Medicare and Medicaid beneficiary discharges, higher proportion of female
population and by certain population age groups. Readmission rates, on the
other hand, are lower in areas with higher proportion of male populations and
65–74 year olds (relative to 18–34), lower PCP capacity, and small towns.
State-specific fixed effects report readmission rates to be higher in FL, MO,
NE, and NY compared to CA.Model 2 confirms our earlier findings of a posi-
tive association between readmission rates and chronic condition intensity of
the area. Controlling for covariates, readmission rates were significantly
higher in PCSAs having higher proportions of patients with 2–3 chronic con-
ditions (coefficient = 0.43, p < .05), as well as those with 4+ chronic condi-
tions (coefficient = 0.27, p < .05), compared to the areas with a higher
concentration of patients with 0–1 chronic conditions. These coefficients were
comparable in size relative to the corresponding ones inModel 1 and continue
to be significant, indicating a positive association between area readmission
rates and area chronicity levels.

Readmissions were also greater in areas with higher prevalence of Medi-
care and Medicaid beneficiary discharges, female population, certain popula-
tion age groups, and higher hospital mortality rates, as well as a higher
proportion of small hospitals. Neither area’s racial ethnic composition nor per-
centage of uninsured patients was significant in either model.

DISCUSSION

This is the first study that uses small area analysis to show that the prevalence
of multiple chronic conditions in an area is associated with increasing hospital
readmission rates and thereby health care utilization and costs. The finding
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highlights the importance of multiple comorbidities and patient needs in
explaining spatial variations in readmission rates. The analysis, conducted in
two models, confirms that the findings were robust not only to the inclusion of
various area-level variables reflecting patient demographics, environment,
and resource availabilities, but also to the hospital-specific factors driving area
readmissions.

Among other major findings also of interest, a noteworthy one is the sig-
nificant positive associations between the supply of primary care physicians
and readmission rates, contrary to expectations and earlier evidence (Hernan-
dez et al. 2010; Sharma et al. 2010). Further tests to assess whether primary
care could reduce readmissions among patients having fewer chronic condi-
tions produced no reportable findings. The issue needs further investigation
since primary care could play important role in care transitions and care coor-
dination. National data on Medicare beneficiaries reveal striking variations
and low primary care visit rates across hospital regions (Goodman 2013).

Findings pertaining to patient characteristics of the area show areas with
higher percent of Medicare, Medicaid, and older (75–84) patients to have
higher readmission rates. Interestingly, lower readmission rates were found in
areas with higher concentration of 65–74 than 18–34 adults, possibly indicating
a combination of factors such as lifestyle, health status, health insurance, social
support, and access to care. Among hospital characteristics, we found no associ-
ation between PCSA readmission rates and its mean LOS. The finding is con-
sistent with previous research by Kaboli et al. (2012) and Capelastegui et al.
(2008). Area average hospital mortality rate was positively associated with read-
mission rates, possibly confounding the effect of LOS as both should increase
with higher severity (Ashton and Wray 1996). Consistent with Joynt and Jha
(2011), areas with concentration of smaller hospitals had higher readmissions.

The study is policy relevant in the context of the Affordable Care Act
(ACA) as it provides a framework to predict the extent to which improved
access to care for chronically ill patients may potentially reduce the risks of
area readmissions. These findings suggest that policies to target areas with
more chronically ill patients may have greater benefits in terms of improved
outcomes and reduced costs. Emerging evidence indicates that identification
and care management of high-risk, complex patients in primary care can yield
cost savings, lower mortality, better outcomes, and improved patient
experience (Friedberg et al. 2014). In addition to confirming the need to
focus on the high-risk patients, the study’s findings corroborate recent work
(Herrin et al. 2015) that highlight the importance of community factors in
addressing hospital readmissions.
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The study has several limitations, including its inability to account for
the postdischarge care coordination and transitional care, which could not be
directly measured. We expect the state fixed effects models to capture some of
these state-specific factors. The role of primary care clinicians and care teams
needs to be better addressed. Only selected hospital characteristics could be
considered that directly or indirectly related to hospital quality. The threshold
definition of multiple chronic conditions (2 and above), while consistent with
recent work, needs to be revisited. Better data to measure prevalence of multi-
ple chronic illnesses across small areas will augment the analysis. Finally, since
the data used in this study is from 2009, study results need to be updated with
more recent data to capture the trends in the post-ACA period.

CONCLUSION

Persons with multiple chronic conditions represent approximately 30 percent
of the U.S. population and over 70 percent of health care expenditures. Using
hospital discharge data from six U.S. states, we found readmissions to be
greater in PCSAs with a higher proportion of patients with multiple chronic
conditions. The results from this study emphasize the importance of using
multiple methods, such as small area analysis, to inform health policy,
improve care transitions, and empower primary care teams to enhance care
management and seek to reduce hospital readmissions.
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NOTE

1. These conditions included hypertension; hyperlipidemia; congestive heart failure;
coronary artery disease; diabetes; stroke; cardiac arrhythmias; arthritis; cancer;
depression; dementia; substance abuse disorders; COPD; asthma; chronic kidney
disease; autism spectrum disorder; schizophrenia; and osteoporosis.
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