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Readmissions are linked to poorer health outcomes for patients. Additionally, the
associated reduced payments and potential fines from the Inpatient Prospective
Payment System (IPPS), are of great concern to health care systems.1 In FY 2017,
$528 million was withheld.1 In FY 2018, 2,573 hospitals will face penalties.1 Studies
have shown that a portion of readmissions is preventable, and that prevention can occur
at the level of primary care. Yet, primary care’s role in reducing or preventing
readmissions is not clear.2 Before identifying this role, it is necessary to characterize
patients who contribute most to the accumulation of readmissions. This population is the
patients who have readmitted 1-2 times a year – not the high utilizers who are relatively
few in number. To understand the characteristics of this population, this dissertation
aimed to: 1. Develop a readmissions predictive tool for primary care through factor
analysis of outpatient behaviors, social determinants, inpatient factors, and health status
constructs, 2.Characterize 1-2 readmissions population and predict rates of
readmissions among a family medicine department’s patients, and 3. Characterize the
1-2 ambulatory care sensitive condition (ASCS) readmissions population using the 2013
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Nationwide Readmissions Database (NRD). In addition, this dissertation included some
qualitative interviews of modal patients to inform quantitative findings and to understand
the roles of social support, the presence of pain, and reason for readmission through
the perspective of patients.
Data for Chapters 3 and 4 came from an academic Southeast USA Family
Medicine department’s EPIC electronic medical record. Data for Chapter 5 came from
the Nationwide Readmissions Database (NRD), a nationally representative database
from the Health Cost Utilization Project (HCUP). Data for the qualitative interviews came
from recent readmitters of an academic Southeast USA Family Medicine department.
Factor analysis was used for Chapter 3. Univariate, bivariate, and multivariate analyses
were used for Chapters 4 and 5. SAS software, Version 9.4, was used for Chapter 35. NVivo was used to qualitatively analyze the interviews.
This dissertation provides a characterization of the 1-2 readmissions per year
population from a primary care clinic population, and explores the role of outpatient
behavior in readmissions.
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CHAPTER 1
BACKGROUND AND SIGNIFICANCE
1.1 Epidemiology, Definition, and Importance of Readmissions
According to Centers for Medicare and Services (CMS) data, about 1 in 5
Medicare patients are readmitted into the hospital within 30 days of discharge. The
Affordable Care Act (ACA) added a section to the Social Security Act creating a
Hospital Readmissions Reduction Program (HRRP) requiring CMS to reduce payments
to Inpatient Prospective Payment System (IPPS) hospitals with excess readmissions. 3
In 2011 in the US, there were approximately 3.3 million adult readmissions with an
associated cost of $41.3 billion.3 For Medicare and Medicaid patients alone, associated
hospital costs due to readmissions totaled $5.1 billion.3 Though not all hospitalizations,
including readmissions, are unavoidable, various studies have shown that there is a
proportion of readmissions that is preventable.4 Analysis of 2005 claims data has shown
that about three-quarters of readmissions within 30 days were potentially preventable,
equating to an estimated $12 billion in Medicare spending.4 Other studies have shown
strategies that hospitals can enact to prevent unnecessary readmissions, yet this has
proven to be difficult and not straightforward.4 Therefore, efforts continue to reduce
readmissions in both the national and local arenas.
A readmission is defined as a re-hospitalization occurring within 30 days of a
patient being discharged from an initial hospital stay. Hospital systems are financially
penalized for excess readmissions. Calculations for these financial penalties include the
readmission payment adjustment amount and the readmission adjustment factor.
Although these calculations have specific factors and criteria when calculated, hospitals
are aiming for readmissions rates below the national level. Particularly with the
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Southeast USA academic hospital at hand, in FY 2017 there was $754,767 lost due to
the financial penalty for readmissions.1 In FY 2018, there is an expected increased loss
of $803,462.1 With financial penalties in place, there has been both a local and national
push to find ways to reduce readmissions rates.
Hospitalizations, while used to care for patients’ health, are also linked to poor
health outcomes. Rates of readmissions are used as a quality of patient care indicator.
Readmissions especially affect older adults health due to the decline in functional
status; this, in turn, affects their quality of life and overall well-being.5 In addition, older
adults are especially likely to report insufficient pain management, which may be due to
difficulties communicating with their doctors among other factors. Pain can lead to
rehospitalization to try to improve their pain management.6 The 30 day period after a
hospitalization is considered the time when the patient is most vulnerable to a
rehospitalization, or a readmission to the hospital, due to factors such as the lack of
direction of future care, no familial or similar social support.7 Factors relating to this
vulnerability may lead to patient frustration, then to neglect of warning signs, eventually
leading patients back to the hospital. This can be a vicious cycle for patients. Not only
does this cycle have an emotional and mental impact, it also exposes patients to higher
risks of health care-associated infections, results in excess mortality, and adds higher
costs to the economy.8
1.2 Characterizing Readmission Rates
A person is considered to readmit at a high rate if he or she has 3 or more
readmissions within 12 months.4 Published readmissions research focuses on patients
considered high readmitters and most researchers have analyzed readmissions as one
continuous outcome. Based on the age-adjusted percent distribution of the 2015
14

National Health Interview, those who were hospitalized 1-2 times in the past 12 months
contributed 6.6% to the total versus those who were hospitalized 3 or more times in the
past 12 months who contributed only 0.7%.9 Within the local clinics, we see a similar
pattern in readmissions rates- those who readmit 1-2 times contribute more to the
number of total readmissions, compared to those who readmit 3 or more times. Little
research has focused on understanding or characterizing the middle-tier population of
readmitters: those who have readmitted 1-2 times in a year. Locally, patients readmit
mostly at a rate of 1-2 readmissions rather than 3 or more times, in the past 12
months.10 Because there is a distinct middle group, it is highly likely that this group has
important characteristics that need to be identified to better understand their
readmission behavior. Additionally, the distinct 1-2 readmissions group may have
characteristics both different and similar to the 3 or more readmissions group and the 0
readmissions group, which need to be identified.
1.3 Current Readmissions Predictive Tools
Predictive tools for readmissions have been developed based on findings from
many hospital systems. Many of these predictive tools focus on factors related to when
the patients are in the hospital. One example of a validated predictive tool is the
HOSPITAL score, which is an acronym standing for, and includes hemoglobin level,
oncology service discharge, sodium level, hospital procedure, index admission type,
admissions during the previous year, and length of stay.11 Another validated predictive
score is the LACE index, another acronym, which includes length of stay, acuity of
admission, comorbidity of patient, and emergency department use. 12 The third predictive
tool is the LACE+ index which is an extension of the validated LACE index, with the
addition of age, sex, teaching status of discharge institution, number of urgent
15

admissions in previous year, number of elective admissions in the previous year, casemix group score, and number of days on alternative level of care status. 13 A recent
paper compared the performance of 30-day all cause readmissions risk tools among
hospitalized primary care patients, with a 14,663 sample size.14 The tools’ ability to
predict readmission or death within 30 days, were compared by the creation of a
receiver operating characteristic curve (AUC). The tools yielded moderate performance
with c-scores of 0.66-0.68.14 With the moderate performances in the available indices
and score tools, other predictive models have added variables such as polypharmacy
(i.e. 6 or more medications), and social determinants of health.15
1.4 Importance of Social Determinants of Health
Social determinants of health are defined as conditions in which people are born,
grow, work, live, and age, and the wider (i.e. systematic) forces that affect health risks
and health outcomes.16,17,18,19 According to the Kaiser Family Foundation (Figure 1-1),
the social determinants of health outcomes are comprised of economic stability,
neighborhood and physical environment, education, food, community and social
context, and health care system.19
Among minority groups, there are specific social determinants of health
considered key factors of hospitalizations and readmissions. According to Dr. Cara
James of the Centers for Medicare and Medicaid Services (CMS) Office of Minority
Health, as much as 80% of health disparities are driven by social determinants of health
and structural barriers prevent the health care system from addressing these
disparities.20,21 As stated in the New England Journal of Medicine Catalyst article, the
Hospital Industry Data Institute (HIDI) suggests that before penalizing hospitals for
excess readmissions, there should be, instead, risk-adjusted readmissions rates
16

accounting for social determinants of health.21 HIDI included three sociodemographic
status (SDS) factors in their model: Medicaid status (individual), census-tract poverty
rate (contextual), and models nested at census-tract (contextual).22 Figure 1-2 describes
the conceptual and empirical basis for these three factors.22 The adjustment for
nonclinical sociodemographic status (SDS) factors made their readmissions risk
prediction model better in comparison to two models: 1. the standard CMS model (i.e.
readmissions model based on CMS hospital-level data), and 2. the Yale-CORE model
(i.e. readmissions model that adjusts for patient-level and provider-level factors).21,22
The SDS enriched model also reduced the variation in estimated readmission
performance assessments compared to the standard CMS-Yale model specifications,
which are used to penalized hospitals under the Hospital Readmissions Reduction
Program. 21,22
Additionally, a recent article on PEARLS+ from Academic Medicine, stated that
societal forces, social determinants, and health outcomes are connected. 23 The
acronym PEARLS+ stands for politics, economics, environment, ethics, arms, religion,
life circumstances, social roles, social structures, and other forces. PEARLS+ are the
key societal factors that influence social determinants of health, which then shape
health outcomes, including readmissions.
1.5 Current Readmissions Initiatives for Minority Members
There are many readmissions prevention initiatives focused on racial and ethnic
minorities such as: 1. a telehealth and home health disease management program by
Alterna-Care Health in Springfield, Illinois, and 2. Health Connections Initiative in
Louisville, Kentucky.24,25 However, the most notable readmissions initiative for racial
and ethnic minorities is Project Re-Engineered Discharge (RED) from Boston,
17

Massachusetts. Project RED founded an intervention with twelve discrete, mutually
reinforcing components that have yielded high patient satisfaction and significantly
reduced hospitalizations.26 The twelve components of RED are: “1. ascertain need for
and obtain language assistance, 2. make appointments for follow-up medical
appointments and post discharge tests/labs, 3. plan for the follow-up of results from lab
tests or studies that are pending at discharge, 4. organize post-discharge outpatient
services and medical equipment, 5. identify the correct medicines and a plan for the
patient to obtain and take them, 6. reconcile the discharge plan with national guidelines,
7. teach a written discharge plan the patient can understand, 8. educate the patient
about his or her diagnosis, 9. assess the degree of the patient’s understanding of the
discharge plan, 10. review with the patient what to do if a problem arises, 11. expedite
transmission of the discharge summary to clinicians accepting care of the patient, and
12. provide telephone reinforcement of the Discharge Plan.” 26 Within these 12
components, there are specific tasks that must be done in order to complete the
component.26
The Project RED website provides various sources/tools for others to use in
order to implement the program. Of most interest is the toolkit on “How to Deliver the
ReEngineered Discharge to Diverse Populations,” which gives background information
on the roles of culture, language, and health literacy in readmissions, as well as stepby-step instructions and responsibilities one has to take to assist a minority patient. 26 It
is important to note that Project RED requires a coordinated multidisciplinary team
including hospital care team, community providers, and caregivers.26 They also have
virtual patient advocates whose dialogue can be tailored for each patient. 26 Hospitals
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outside of Boston have successfully implemented Project RED; hospitals in Texas are
examples.27 In a randomized controlled trial that compared the systems-level Project
RED intervention and normal standard of care intervention, patients who received the
Project RED intervention had a 30 percent lower readmission rate within 30 days of
discharge compare to their counterparts who solely received standard care. 28 Also,
patients who received services from Project RED were more likely to be able to identify
their PCP’s name, identify their index discharge diagnosis, and follow-up with their
PCP.28 These patients also reported feeling more prepared for discharge.28
1.6 Gaps in Current Readmissions Measures and Predictive Models
Though there have been many successful initiatives and predictive models in
readmissions, there are still many gaps in the literature. The proportion of readmissions
that are preventable, by definition, are related to readmissions that have primary
diagnoses codes that are for ambulatory-care sensitive conditions (ACSC). As first
defined by Billings and colleagues, ACSCs are a set of conditions with diagnoses for
which timely and effective outpatient care can help to reduce the risks of
hospitalizations by preventing acute illness and managing chronic conditions.29 ACSCrelated hospitalizations can be targeted to prevent subsequent readmissions. However,
to our knowledge, no predictive readmissions models have been made to only predict
the ACSC-related readmissions.
Another understudied area in readmissions is the role of patients’ outpatient
behavior or activity on readmissions. The Agency for Healthcare Research and Quality
(AHRQ) and Centers for Medicare and Medicaid Services (CMS) have suggested that
effective and timely primary care can prevent readmissions.2, 30, 31 AHRQ has
recognized that primary care settings have been mentioned in various readmissions
19

projects; however, evidence-based literature on the role of primary care in preventing
readmissions is scarce. 30 There is no literature to our knowledge that measures the
relationship between patients’ interactions with primary care and readmissions.
Examples of interactions with primary care (i.e. outpatient behavior) are attending clinic
appointments, missing clinic appointments, cancelling clinic appointments, and phone
encounters with the clinic.
In a preliminary, unpublished analysis of readmissions in Southeast USA Family
Medicine clinics, results showed there were significantly increased odds of having 5-6
(OR: 1.58, CI: 1.18-2.11) or >6 (OR: 1.44, CI: 1.09-1.91) readmissions for each
additional clinic no show clinic appointment, compared to those with 1-2 readmissions.10
In addition, there were significantly increased odds of having 3-4 (OR: 1.16, CI: 1.051.29) or >6 (OR: 1.29, CI: 1.15-1.43) readmissions for each additional cancelled clinic
appointment, compared to those with 1-2 readmissions.10 This finding provides support
for studying patients’ outpatient clinic behavior in relation to readmissions.
Hospital-wide discussions at a Southeast USA academic hospital (Readmissions
Meetings, oral communication, 2017), have also concluded that outpatient behavioral
change can be a potential intervention for reducing readmissions. Leaders at these
hospital-wide discussions stated that once patients have been hospitalized, it is already
too late to prevent other hospitalizations. Instead, monitoring patients at an outpatient
setting is the key to preventing hospitalizations and readmissions. Another preliminary,
unpublished study that incorporated community health workers at a Southeast USA
Family Medicine clinic revealed many reoccurring themes for reasons for cancellation or
no-shows of clinic appointments, which would result in hospitalizations or readmissions
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of some of the patients.32 People in hospital-wide discussions at a Southeast USA
academic hospital also mention variables that affect readmissions and are not captured
in the medical records. Some of the mentioned factors are patients’ access to
medications, transportation issues, and continuity of information between inpatient
provider and outpatient provider.
The Southeast USA academic hospital has enacted a variety of interventions
geared towards identified factors that appear to affect readmissions within its system.
For example, inpatient teams in various departments make sure that hospitalized
patients have a scheduled outpatient appointment before leaving the hospital.
Additionally, the Department of Community Health and Family Medicine enacted the
“golden ticket program.” This program involves a ticket that is given to a patient that
allows the recipient to go straight to a primary care outpatient clinic without scheduling
an appointment. Though individual departments are doing what they can to help reduce
readmissions, there are still gaps in these varying interventions. With the fragmentation
of care between inpatient (hospital) and outpatient (primary care clinic), many of the
implemented interventions still fall short in terms of preventing hospitalizations and
readmissions.
In addition, the role of factors related to minority status have been shown to be
predictive of negative health outcomes including readmissions. Particularly, ethnic and
racial minorities are disproportionately impacted by congestive heart failure (CHF) and
cardiovascular risk factors.33 This translates to a higher readmission and hospitalization
rate for CHF in Black and Hispanic patients compared to their non-Hispanic White
counterparts.34, 35, 36 In a study that aimed to determine whether Black patients have

21

higher odds of readmissions than White patients, for 3 common conditions (i.e. acute
myocardial infarction, congestive heart failure, and pneumonia), Black patients were
more likely to be readmitted compared to White patients, a gap that was related to race
and site where care was received.36 In addition, patients discharged from minorityserving hospitals had 23% higher odds of readmitting compared to patients discharged
from nonminority-serving hospitals.36 One study assessed the risk of Medicare
readmissions in racial and ethnic groups.38 The researchers were particularly interested
in these racial and ethnic groups because hospitals serving them may be
disproportionately penalized.38 Their study found that Black Medicare patients with
pneumonia, heart failure, and acute myocardial infarction (AMI) were more likely to be
readmitted than their White counterparts. 38 They also found that Hispanics had
significantly increased odds of readmission for AMI compared to their White
counterparts. 38 This is consistent with other literature, showing that race is an important
determinant of readmissions among those with chronic conditions.36
As previously stated, social determinants of health are defined as conditions in
which people are born, grow, work, live, and age, and the wider (i.e. systematic) forces
that affect health risks and health outcomes.16,17,18,19 These social determinants of
health can be related to race or ethnicity, because evidence shows that there are
disparities in healthcare equity and quality in racial and ethnic groups. Inequities arise
because of root causes – intrapersonal, interpersonal, institutional, systemic mechanism
and allocation of power.39 Health insurance status is an example of one of the
inequities that are commonly planned to be addressed, but such simple solutions do not
address disparities across ethnicity, race, geography, and socioeconomic status (SES).
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Similarly, race alone is not the cause of inequities, but is often a marker for those
inequities. In the 2010 National Healthcare Quality and Disparities Reports, Blacks and
American Indians/Alaska Natives received worse care than their White counterparts for
40% of the quality measures.40 Conversely, Asians received worse care than their White
counterparts for 20% of the quality measures.40 And at the highest level of disparity,
Hispanics received worse care than their White counterparts for 60% of the quality
measures.40 Thus insurance status, race and ethnicity may be markers of SDH although
they are insufficient to account for disparities. Each may contribute independently to
rates of readmissions.
The role of sex is unclear in its association with readmissions. Some analysis by
sex has shown that men are at higher risk of readmissions (e.g. Medicaid men have
increased risk of all-cause hospital readmissions).41 Other analysis has findings in the
opposite direction, with women having a higher risk for readmission.30, 42,43 In a study
looking at acute myocardial infarction readmissions in younger patients, female sex was
significantly associated with 30-day readmission with a hazard ratio of 1.22. 42 A second
study on the role of sex conducted in an Italian Department of Medicine found that
females had 1.41 times the likelihood of readmitting, after controlling for other
covariates such as the HOSPITAL score and ERA index. 43
1.7 Theoretical Model
Based on their review of the literature, a team in Scotland has created a model of
readmissions risk model for intensive care unit (ICU) patients (Figure 1-3).44 A strength
of this model is that it is based on a mixed methods study with the inclusion of patient
perspectives.44 Though the PROFILE study readmissions model fills many gaps that
other readmissions models lack, there are still other important factors missing. As
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previously stated, outpatient primary care behaviors are important to include. Therefore,
the PROFILE study readmissions model, along with factors in Figure 1-1, were
combined to come up with the proposed theoretical model, OHIS Readmissions
(Outpatient Behavior, Health Status, Inpatient Factors, Social Determinants), of this
dissertation seen in Figure 1-4.
1.8 Explanation of the OHIS Readmissions Theoretical Model
Based on the readmissions literature that was reviewed, the OHIS Readmissions
Theoretical Model (Figure 1-4) was created and informs this dissertation. The two larger
circles describe the greater forces of the hospital system and community that affect
overall readmissions in patients. These greater forces also influence the four constructs
that directly impact readmissions: outpatient behavior, health status, inpatient factors,
and social determinants. The double-headed curved arrows on the top and bottom of
the diagram show that the greater forces and proximal factors influence each other.
Relevant outpatient behaviors include attended clinic appointments, missed clinic
appointments, cancelled clinic appointments, and telephone encounters between visits.
These four activities are ways to measure a patient’s interactions with their primary care
provider. This is an important construct to include in understanding readmissions,
because primary care providers are the first point of care that can prevent ambulatory
conditions from becoming larger issues. As previously stated, in an unpublished
analysis of readmissions in Southeast USA Family Medicine clinics, results showed that
for every increase in number of cancelled clinic appointments or no shows, there was
an associated increased odds for readmissions.10 It is also important to include this
construct in the theoretical model because this could be an area of intervention (e.g.
primary care providers can use extra resources such as a nurse case manager).
24

Health status is another important construct that needs to be adjusted for,
because different patients’ baseline health statuses vary. Understanding baseline health
status is important in creating effective interventions. Health status can be defined using
factors such as weathering, functional status, high-risk medications (as a proxy for
adverse drug events), and pain. “Weathering” has been shown to be a mechanism
through which lower socioeconomic status creates health disparities especially amongst
racial and ethnic minorities. 45,46 A recent study has identified functional status as being
associated with 30-day potentially preventable hospital readmissions.47 Another recent
study has found that adverse drug events accounted for 13% of 30-day preventable
readmissions.48 Pain, a factor that was also explored qualitatively in this dissertation,
can also contribute to health status. An interaction between pain score, pain medication
use, and older age, was found to be a risk factor for unplanned readmissions. 49
Inpatient factors, such as length of stay, disposition of the patient (i.e. where the
patient was discharged to), ESI level (i.e. acuity level), and Charlson Comorbidity Index
(i.e. weighted index that predicts risk of death within 1 year for patients with
comorbidities) are important in readmissions. Many of these factors are part of the
validated HOSPITAL score, LACE index, and LACE+ index.

12, 13, 14

In transition of

care, it is important to assure that patients are discharged to the appropriate location to
prevent subsequent admissions to the hospital.7 The Agency for Healthcare Research
and Quality (AHRQ)’s Hospital Guide to Reducing Medicaid Readmissions, specifically
requires staff to record patients’ disposition because it is a major factor in preventing
readmissions.50
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The constructs of social determinants of health and outpatient behavior were
hypothesized to contribute most to readmissions. As previously stated above in the
“Importance of Social Determinants of Health” section, social determinants are related
to not only readmissions, but all health outcomes. Many readmissions initiatives for
racial and ethnic minorities incorporate the impact of social determinants. 16,17,18,19
Finally, as noted above, outpatient behavior is important. As shown in our
unpublished readmissions analyses, number of cancelled clinic appointments or no
shows are important in predicting increased odds for readmissions and have been
included in this model.10

Figure 1-1. Kaiser Family Foundation Social Determinants of Health
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Figure 1-2. HIDI SDS factors included in risk-adjusted readmissions rates

Figure 1-3. Theoretical model from the PROFILE study
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Figure 1-4. Theoretical model: OHIS (Outpatient Behavior, Health Status, Inpatient
Factors, Social Determinants) Readmissions
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CHAPTER 2
DESIGN AND METHODS
2.1 Data Samples
The sample for the analyses of Aims 1 and 2 of this dissertation comes from an
academic Southeast USA Family Medicine department. Data for the department are
collected daily in EPIC medical records at all relevant clinical sites. A combination of
physicians, physician assistants, and nursing staff record all patient information in the
EPIC electronic medical record. Data necessary for this dissertation was requested by
the Quality Analyst of the department and anonymized before it was shared for
analyses.
The sample for the analysis of Aim 3 is from the 2013 Nationwide Readmissions
Database (NRD), Healthcare Cost and Utilization Project (HCUP), Agency for
Healthcare Research and Quality. The NRD is a part of the family of databases for the
Healthcare Cost and Utilization Project (HCUP).51 HCUP is sponsored by the Agency of
Healthcare Research and Quality (AHRQ), a branch of the U.S. Department of Health
and Human Services.52 The NRD, first released in 2016, currently had data covering
2013 at the time of the data request for this dissertation.51 It includes national
readmissions rates for all payers and the uninsured. The NRD includes data from
approximately 15 million discharges each year (unweighted) and approximately 35
million discharges each year (weighted).51 The NRD was purchased by the department
for use. All data was used according to UF IRB approved protocols.
2.2 Sampling and Recruitment
Most patients who readmit, at any rate, in the academic Southeast USA family
medicine department 2015-2016 cohort tended to be middle aged with a mean of 55

29

years old (SD: 15.9 years), to be female (55%), non-Hispanic (96%), White (59%), and
have Medicare insurance (47%). Patients included in the sample of this dissertation
were current patients of the academic Southeast USA family medicine clinics, aged 18
to 64 years old, and had been hospitalized during the period from Jan 1, 2015 to
December 31, 2016. Because this is a retrospective chart review, patients did not need
to be consented to be included in the analyses of Aims 1 and 2. The flow chart for
sampling for Aims 1 and 2 is shown in Figure 2-1.
Utilizing data from the Southeast USA family medicine clinics allowed us to
retrieve data that usually would not be available in national databases. Therefore, it
provided a more complete picture of factors related to readmissions in primary care
patients. Using this local sample also provided the opportunity to interview a few
patients to understand patients’ perspectives as to why they readmitted to the hospital.
Findings from the qualitative portion are reported in the conclusion Chapter to help
provide more nuanced understanding of the quantitative findings.
The nationwide readmissions database (NRD) provides a statistically
generalizable US patient sample in which to test Aim 3. As previously noted, the NRD is
drawn from the Health Cost Utilization Project (HCUP) State Inpatient databases (SID)
to create nationally representative readmission rates.51 It includes 22 geographically
dispersed states with verifiable patient linkage numbers: Alaska, Arizona, Arkansas,
California, Colorado, Connecticut, District of Columbia, Florida, Georgia, Hawaii, Illinois,
Indiana, Iowa, Kansas, Kentucky, Louisiana, Maine, Maryland, Massachusetts,
Michigan, Minnesota, Mississippi, Missouri, Montana, Nebraska, Nevada, New
Hampshire, New Jersey, New Mexico, New York, North Carolina, North Dakota, Ohio,
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Oklahoma, Oregon, Pennsylvania, Rhode Island, South Carolina, South Dakota,
Tennessee, Texas, Utah, Vermont, Virginia, Washington, West Virginia, Wisconsin,
Wyoming. 51 These states account for 51.2% of the total US population and 49.3% of all
US hospitalizations. 51 In the NRD, most patients were Medicare insured and the top 4
principal diagnoses for readmission were acute myocardial infarction, congestive heart
failure, chronic obstructive pulmonary disease, and pneumonia.53 Sampling for Aim 3 is
shown in the flowchart provided in Figure 2-2.
2.3 Measures for Aims 1& 2
Table 2-1 lists the variables that were analyzed in Aims 1 and 2. The table
provides variable name from the electronic medical record, construct, and variable type
for each of the aims.
2.4 Approach Aim 1: Specified Measures for Aim 1
2.4.1 Readmissions
For this analysis, characteristics of the patients who readmit in the Southeast
USA academic hospital and belong to the affiliated family medicine clinics, were
analyzed.
2.4.2 Variables for Factor Analysis
Variables included in the exploratory factor analysis (EFA) and confirmatory
factor analysis (CFA) for Aim 1 are seen in Table 2-1. No other variables were entered
into the analysis.
2.5 Approach Aim 1: Method of Analysis for Aim 1
Data used in the EFA was the 2016 readmissions data set from the Southeast
USA Family Medicine clinics. Results of EFA in Aim 1 identified factors that could be
used to measure readmissions. To achieve this, the four proposed constructs
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(outpatient behaviors, social determinants, inpatient factors, and health status) and their
respective variables were analyzed to see the correlations between each of the
variables. For correlations between continuous variables, polychoric correlations,
sample sizes, and standard deviations were obtained using the PROC CORR
command. For correlations between binary and ordinal variables, tetrachoric or
polychoric correlations, sample sizes, and standard deviations were obtained using the
PROC FREQ command. For correlations between binary or ordinal variables with
continuous variables, polyserial correlations, sample sizes, and standard deviations
were obtained using the PROC CORR command.
Once correlations, sample sizes, and standard deviations were obtained, they
were entered into the EFA using the PROC FACTOR command. The principal factor
method was used to extract the factors. The scree plot demonstrated how many factors
were to be retained. An oblique (promax) rotation was chosen because components
were thought to be correlated.54
After the number of factors were obtained, a CFA was conducted using the
PROC CALIS command. Data used for the CFA was the 2015 readmissions data set
from the same Southeast USA Family Medicine clinics. All analysis was completed
using SAS software, Version 9.4.
2.6 Approach Aim 2: Specified Measures for Aim 2
2.6.1 Outcome: Readmissions
For Aim 2, number of readmissions within the last 12 months was the outcome
predicted for (1-2 readmissions). Readmissions was categorized as: 0 (i.e. admitted to
the hospital, but no readmission), 1-2, and 3 or more.
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2.6.2 Covariates
Variables that were included in the analysis are in Table 2-1.
2.7 Approach Aim 2: Method of Analysis for Aim 2
Univariate, bivariate, and multivariate analyses for this dissertation was
conducted using SAS software, Version 9.4.
2.7.1 Univariate and Bivariate Analyses
Univariate analyses were conducted in order to understand the distribution of
each variable. Bivariate analyses, to assess the relationships with the outcome (i.e.
number of readmissions), were conducted using Chi-square tests for categorical
predictor variables, and ANOVAs for continuous predictor variables.
2.7.2 Multinomial Analyses
Once significant relationships between variables were identified from the
bivariate analyses, these variables were entered into an adjusted multinomial logistic
regression.
2.8 Measures for Aim 3
Table 2-2 lists the variables that were analyzed in Aim 3. Details include variable
name from the Nationwide Readmissions Database (NRD) and variable type.
2.9 Approach Aim 3: Specified Measures for Aim 3
2.9.1 Outcome: Readmissions
For Aim 3, number of readmissions within the last 12 months was the outcome
predicted for (1-2 readmissions). Number of readmissions were categorized as: 0, 1-2,
and 3 or more.
2.9.2 Covariates
Variables included in the analysis are listed in Table 2-2.
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2.10 Approach Aim 3: Method of Analysis for Aim 3
Univariate, bivariate, and multivariate analyses for this dissertation was
conducted using SAS software, Version 9.4.
2.10.1 Univariate and Bivariate Analyses
Univariate analyses were conducted in order to understand the distribution of
each variable. Bivariate analyses, to assess the relationships with the outcome (i.e.
number of readmissions), were conducted using Chi-square tests for categorical
predictor variables, and ANOVAs for continuous predictor variables.
2.10.2 Multinomial Analyses
Once significant relationships between variables were identified from the
bivariate analyses, these variables were entered into an adjusted multinomial logistic
regression.
2.11 Approach for Enriching Findings with Patient-Centered Data
To enrich our findings, we set out to interview patients to better understand our
findings from their perspectives. To do so, the modal patient was defined using data
from Aims 1 and 2. The objective of this qualitative exploration was specifically to
understand the importance of social support, presence of pain, and reason for
readmission, from the perspective of recently readmitted patients.
2.12 Approach for Patient-Centered Data: Methods of Recruitment and Analysis
Once the modal patient was defined, a convenience sample of patients meeting
this pattern of characteristics were invited to participate in a qualitative one-on-one
exploratory interview, by current faculty working on the inpatient service. The faculty
member asked the patient if it was okay to be contacted by me, and if the answer was
yes, they were asked to fill out an authorization form with their phone number and the
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best time to call. Between 4-10 days after discharge, the patient was called and a
qualitative interview was conducted or scheduled.
Interviews were conducted over the phone. Interviews were recorded. While
interviews were to have continued until saturation of themes were reached, and we
were supposed to interview a maximum of 12 patients, time ran out. The interview style
used was a narrative approach, to allow patients to freely tell their story the more recent
hospitalization and readmission, rather than relying on interviewer-driven questions. All
qualitative analysis was completed using the NVivo qualitative analysis program.
2.13 Approach for Patient-Centered Data: Interview Guide
The interview length was 45-60 minutes. An interview guide was created to assist
in the questions that needed to be asked, as well as provided probes for each of the
questions. The interview guide is included in Appendices A, B, and C

Figure 2-1. Flow chart for Aims 1 and 2
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Figure 2-2. Flow chart for Aim 3
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Table 2-1. Electronic medical record variable name, variable construct, and variable
type Aim 1, and variable type in Aim 2
Variable Name Construct
Variable Type Aim 1
Variable Type Aim 2
cancelled
appointments

outpatient
behaviors

continuous
range: 1-6

continuous
range: 1-6

missed
appointments

outpatient
behaviors

continuous
range: 1-3

continuous
range: 1-3

made
appointments

outpatient
behaviors

continuous
range: 1-6

continuous
range: 1-6

phone
encounters

outpatient
behaviors

continuous
range: 1-10

continuous
range: 1-10

active
medications

health status

continuous
range: 0-10

continuous
range: 0-10

active problems health status

continuous
range: 0-10

continuous
range: 0-10

age

health status

ordinal
18-24
25-44
45-64

ordinal
18-24
25-44
45-64

albumin#

health status

ordinal
less than 3.4
normal
greater than 5.4

ordinal
less than 3.4
normal
greater than 5.4

systolic blood
pressure#

health status

ordinal
0-119
120-129
130-139
140 and above

ordinal
0-119
120-129
130-139
140 and above

Charleson
Comorbidity
Index

health status

continuous
range: 0-16

continuous
range: 0-16

chronic pain
present

health status

(not included)

categorical
no
yes

psychological
problem
present

health status

(not included)

categorical
no
yes
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Table 2-1. Continued
Variable Name Construct

Variable Type Aim 1

Variable Type Aim 2

categorical
no
yes
ordinal
0
1
2
3

(not included)

on high risk
medications

health status

number of high
risk
medications*

health status

substance use

health status

categorical
no
yes

categorical
no
yes

acuity
(ESI level)

inpatient
factors

(not included)

categorical
nonurgent
urgent

location of
admission

inpatient
factors

(not included)

categorical
home
assisted
other

disposition

inpatient
factors

categorical
home
assisted

categorical
home
assisted
planned readmission
other

ambulatory
care sensitive
condition

inpatient
factors

(not included)

categorical
no
yes

length of stay

inpatient
factors

continuous
range: 1-14

continuous
range: 1-14

Morse fall
score

inpatient
factors

continuous
range: 0-125

continuous
range: 0-125

continuous
range: 0-20

continuous
range: 0-20

gait/transferring inpatient
score
factors
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ordinal
0
1
2
3

Table 2-1. Continued
Variable Name Construct

Variable Type Aim 1

Variable Type Aim 2

categorical
independent
dependent

categorical
independent
dependent

level of
assistance
needed

inpatient
factors

ethnicity

social
(not included)
determinants

categorical
not Hispanic or Latino
Hispanic or Latino
patient refused

insurance

social
categorical
determinants public
private

health literacy

social
(not included)
determinants

categorical
public
private
self-pay
categorical
adequate
limited

marital status

social
categorical
determinants not married
married

categorical
not married
married

physical abuse

social
(not included)
determinants

categorical
denies
denies, provider concerned
unable to assess
yes, past
yes, present

verbal abuse

social
(not included)
determinants

categorical
denies
denies, provider concerned
unable to assess
yes, past
yes, present

race

social
categorical
determinants majority
minority

categorical
majority
minority

sex

social
categorical
determinants female
male

categorical
female
male
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Table 2-1. Continued
Variable Name Construct

Variable Type Aim 1

Variable Type Aim 2

someone living
with patient

social
categorical
determinants not alone
alone

categorical
not alone
alone

someone
helping with
daily needs

social
(not included)
determinants

categorical
not alone
none

zip code

social
(not included)
determinants

categorical
West (higher SES)
East (lower SES)
outside hospital’s city
* high risk medications: anticoagulants, diabetic, opioid containing
# most recent lab of that year
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Table 2-2. Nationwide Readmissions Database (NRD) variable name and variable type
Variable Name
Variable Type
age

continuous
range: 18-64

number of chronic conditions

continuous
0
1
2
3
4
5
6 or more

alcohol abuse comorbidity

categorical
no
yes

deficiency anemia comorbidity

categorical
no
yes

congestive heart failure comorbidity

categorical
no
yes

chronic pulmonary disease comorbidity

categorical
no
yes

depression comorbidity

categorical
no
yes

diabetes uncomplicated comorbidity

categorical
no
yes

diabetes with chronic complications
comorbidity

categorical
no
yes

drug abuse comorbidity

categorical
no
yes

hypertension comorbidity

categorical
no
yes
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Table 2-2. Continued
Variable Name

Variable Type

obesity comorbidity

categorical
no
yes

psychoses comorbidity

categorical
no
yes

discharge month

continuous
range: 1-12

length of stay

continuous
range: 0-14

admission day

categorical
not weekend
weekend

disposition of patient

categorical
routine
transfer to short term hospital
skilled nursing facility, intermediate care,
and another type of facility
Home Health care
Against medical advice

sex

categorical
male
female

insurance

categorical
no charge
other
private
public
self-pay
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Table 2-2. Continued
Variable Name

Variable Type

patient location

categorical
central (>= 1 million)
fringe (outside central)
metro area 1 (250,000-999,999)
metro area 2 (50,000-249,999)
micropolitan
not metropolitan or micropolitan

median income

categorical
$1-$37,999
$38,000-$47,999
$48,000-$63,999
$64,000 or more
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CHAPTER 3
READMISSIONS WITH PRIMARY CARE RELATED FACTORS
3.1 Background
As recently reported by the Agency for Healthcare Research and Quality
(AHRQ), the role of primary care in reducing or preventing readmissions is not clear.2
AHRQ, among other hospitals and agencies, have used evidence-based research to
implore readmissions reductions initiatives, such as AHRQ’s Project Re-Engineered
Discharge (RED) and Hospital Guide to Reducing Medicaid Readmissions.2 These
current readmissions reductions initiatives heavily focus on factors within the inpatient
setting and proper transitioning of care (i.e. disposition of the patient following
hospitalization). Yet, the next step of care (i.e. primary care) in maintaining patients’
health and preventing rehospitalization has been understudied.
Identifying the role of primary care in preventing readmissions is needed. In 2011
in the US, there were approximately 3.3 million adult readmissions with an associated
cost of $41.3 billion.3 The associated cost of readmissions is not the only concern, but
the reduction in reduced payments and potential fines from the Inpatient Prospective
Payment System (IPPS) are of great concern to all health care systems. 3 In the 2017
fiscal year, $528 million was withheld. According to the Kaiser Health News’ analysis of
data released by the Centers for Medicare and Medicaid Services (CMS), $564 million
will be withheld from payments to health care systems for fiscal year 2018, an increase
from the amount withheld in 2017.1 Additionally, 2,573 hospitals will face penalties in
2018.1
Given the high costs to health care systems of withheld reimbursements and
penalties, other factors affecting readmissions must be identified and studied. There are
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a few readmissions predictive tools such as the HOSPITAL score, LACE index, LACE+
index, and the Readmission Risk Score.11, 12 These scores include inpatient factors (e.g.
length of stay, acuity, and emergency department use) and health status factors (e.g.
comorbidity of patient and age). The LACE index and the other scores are widely used,
yet still have weaknesses. A study comparing the 4 tools and their abilities in predicting
patients’ readmissions concluded moderate performance with c-scores of 0.66-0.68.14
Conclusions in readmissions studies have pointed to the importance of social
determinants of health and their effect on readmissions. Social determinants of health
are defined as the conditions in which people are born, grow, work, live, and age, and
the wider forces that affect health risks and health outcomes.16,17,18,19 There have been
suggestions of risk-adjusting readmission rates for social determinants of health, before
penalizing hospitals for excess readmissions.21
In order to better understand the roles of social determinants and primary care
(e.g. outpatient behavior such as missed primary care appointments) we created the
outpatient behavior, health status, inpatient factors, and social determinants of health
(OHIS) theoretical model (Figure 1-4). This theoretical model is an adaptation of a
theoretical model for preventing early unplanned hospital readmission after critical
illness (PROFILE).44 With the OHIS theoretical model informing this study, we aimed to
create a readmissions predictive tool relevant for primary care.
3.2 Methods
3.2.1 Study Overview
The present study was a retrospective cross-sectional design and was approved
by the University of Florida Institutional Review Board. Participants included in this
analysis were patients who were hospitalized in calendar years 2015 and 2016 (January
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1, 2015- December 31, 2016) at a large Southeast United States academic hospital and
were also active patients of the associated family medicine outpatient practices.
Patients also needed to be aged 18-64 years to be included into the analysis.
To identify which hospitalization’s data was to be kept, the index admission was
created for each patient. Index admission was defined as the first admission that
qualified a patient to have readmissions. After the index admissions were identified, all
other hospitalizations were deleted. Variables used in this study belonged to one of the
constructs from the theoretical OHIS model. Table 3-1 lists all of the variables.
3.2.2 Statistical Analysis
In order to reduce the number of variables, exploratory factor analysis (EFA) was
done. First, correlations between the 23 variables of the 2016 readmissions data set
were run (N=567). Correlations between continuous variables were polychoric
correlations. Correlations between binary and ordinal variables were tetrachoric or
polychoric. Correlations between binary or ordinal variables with continuous variables
were polyserial. The obtained correlations were entered into the EFA using the PROC
FACTOR command. The principal factor method was used to extract the factors. The
scree plot demonstrated how many factors were to be retained. Then an oblique
(promax) rotation was done due to the many binary variables. The oblique (promax)
rotation was also done since the components were thought to be correlated. 54
After the number of factors and variables were obtained, a confirmatory factor
analysis (CFA) was conducted using the PROC CALIS command. Data used for the
CFA was the 2015 readmissions data set from the same Southeast USA Family
Medicine clinics. All analysis was completed using SAS software, Version 9.4.

46

3.3 Results
As part of the EFA, Table 3-2 depicts the preliminary eigenvalues. This shows an
8 factor model based on Kaiser criterion of eigenvalues greater than 1.0. The scree test,
Figure 3-1, suggested again 8 factors. However, when items were considered by factor
structure, 4 factors were meaningful and had a clear latent or underlying meaning.
Factors 6, 7, and 8 yielded factors with only 1-2 items. While they were potentially
important, the fact that they were comprised of 2 items showed that we were not
retaining meaningful sets of variables as per our model, but were adding small amounts
to the variance explained through these unique factors. Also, a solution is less
satisfactory has less than 3 items loaded.54 The 5th factor in the 5 factor solution had
items that did not share conceptual meaning.54 Instead, we made the decision to retain
4 meaningful factors of groups of variables. For further tests, these factors were
retained from the Promax rotation.
When interpreting the Promax rotated factor pattern, an item was said to load on
a factor if the loading was 0.50 or greater. Table 3-3 depicts the factor pattern. Table 34 depicts the factor structure. Items that loaded on each of the factors are seen in
Figure 3-2. Six items were found to load on factor 1, which was labeled as inpatient
factors. Four items loaded on factor 2, which was labeled as health status. Three items
loaded on factor 3, which was labeled as outpatient behavior. Three items loaded on
factor 4, which was labeled as social determinants.
The CFA showed that model fit was not strong. The fit statistics yielded: a
comparative fit index (CFI) of 0.8099 (CFI criterion >0.95), root mean square error of
approximation (RMSEA) of 0.1176 (RMSEA criterion <0.06), and a standardized root
mean square residual (SRMR) of 0.1246 (SRMR criterion <0.08).
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3.4 Conclusions
Using a dataset from a large academic medical center, we used exploratory
factor analysis to attempt to reduce the variables needed for our theoretical model, and
to confirm the factor structure of readmissions proposed in our model. We were able to
reduce variables to our 4 proposed factors: outpatient behavior, health status, inpatient
factors, and social determinants. This helps provide evidence for the structure of our
proposed model. However, taking these factors into another year of data through the
CFA did not confirm this factor structure.
This is the first study, to our knowledge, that incorporated outpatient behavior
variables as well as additional social determinants of health variables in a readmissions
model.
Items that loaded on specific factors were of great interest to the field. For factor
1 (inpatient factors), albumin was significant. It may be considered as a test to be
regularly collected in the inpatient setting. Albumin is a circulating protein necessary to
maintain fluid balance.55 Lower levels of albumin may be a sign of malnutrition, liver
disease, or inflammatory disease. 56 These can be signs of persistent stress on the
body, which can have negative impact on health. Also in factor 1, all items regarding
mobility loaded (i.e. Morse fall score, gait/transferring score, and level of assistance
needed). Mobility right after discharge has been shown to be a marker of 30-day
readmissions in older patients. 57 This shows evidence that it may be worthwhile to
include these measures when collecting data for monitoring readmissions.
In factor 2, whether a patient was on high-risk medications (yes/no) and the
number of high-risk medications the patient used was significant. Readmissions studies
have concluded that polypharmacy predict readmissions better than other readmissions
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risk models.15 The US Department of Health and Human Services Office of Disease
Prevention and Health Promotion released the adverse drug events action plan which
include high risk medications (i.e. diabetic, opioid, anticoagulant) as major players.58
Therefore, the role of high-risk medications in readmissions needs to be further studied,
because readmissions may be due to adverse drug events. These events may be due
to patient behavior and/or to underlying social determinants.
The findings from this study encourage further investigation of outpatient
behaviors and social determinants of health variables and their relationship to
readmissions. Patients’ outpatient activity may be an area that contributes to
readmissions and may need to be monitored. For example, if a patient cancels many
appointments to his or her primary care doctor, extra resources may need to be put on
this patient to get him or her into the clinic. Patient navigators, nurse case managers,
social workers and community health workers have all shown their importance in
assisting patients in reducing readmissions.32 In addition, clinics may need to consider
monitoring the social support that a patient has at home, because this may be indicative
of whether or not a person is hospitalized.
There were limitations to our study. First, the data used comes from a single
academic center, which will not be representative of all academic centers in the US.
Second, while we were able to include many important variables, including a history of
cancelling clinic appointments, we did not have a measure for disease self-management
or adherence to prescription or other physician instructions that might have affected
readmissions. Our measures of social determinants and barriers to following physician
instructions were also not as direct as we would have liked. Having transportation,
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income, adverse home conditions (lack of electricity or other water, lack of refrigeration),
and health literacy might all be important and were not included in the data used for this
study. Third, most of our variables were dichotomous, which required statistical
estimation of correlations. Finally, the interpretation of factors is somewhat subjective,
and we may have erred in the factors retained and tested in the CFA.
In the future, researchers should continue to try to provide the field with models
predicting readmissions, especially among those with 1-2 readmissions, the bulk of the
population readmitting. While we used an informative data set to conduct this analysis,
it would be best to test predictive models in national datasets. This will require greater
efforts to collect relevant data on inpatient admissions. While there are efforts across
the states to ensure more social determinants are collected (e.g. Hunger Vital Sign) and
to act on these health related problems, the national databases do not collect such
information at this time.59 For next steps, we plan to repeat this study using data from a
larger health care system or, preferably, health systems. A bigger and more
representative sample will provide a better test of the model.
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Table 3-1. 2016 Exploratory Factor Analysis (EFA) variables, hypothesized constructs,
and variables types
Variable Name
Construct
Variable Type
cancelled
outpatient behaviors
continuous
range: 1-6
appointments
missed appointments

outpatient behaviors

continuous
range: 1-3

attended
appointments

outpatient behaviors

continuous
range: 1-6

phone encounters

outpatient behaviors

continuous
range: 1-10

active medications

health status

continuous
range: 0-10

active problems

health status

continuous
range: 0-10

age

health status

ordinal
18-24
25-44
45-64

albumin#

health status

ordinal
less than 3.4
normal
greater than 5.4

systolic blood
pressure#

health status

ordinal
0-119
120-129
130-139
140 and above
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Table 3-1. Continued
Variable Name

Construct

Variable Type

Charleson
Comorbidity Index

health status

continuous
range: 0-16

on high risk
medications

health status

categorical
no
yes

number of high risk
medications*

health status

ordinal
0
1
2
3

substance use

health status

categorical
no
yes

disposition

inpatient factors

categorical
home
assisted

length of stay

inpatient factors

continuous
range: 1-14

Morse fall score

inpatient factors

continuous
range: 0-125

gait/transferring
score

inpatient factors

continuous
range: 0-20

level of assistance
needed

inpatient factors

categorical
independent
dependent

insurance

social determinants

categorical
public
private

marital status

social determinants

categorical
not married
married
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Table 3-1. Continued
Variable Name
race

sex

Construct
social determinants

social determinants

Variable Type
categorical
majority
minority

categorical
female
male
someone living with
social determinants
categorical
not alone
patient
alone
* high risk medications: anticoagulants, diabetic, opioid containing
# most recent lab of that year
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Table 3-2. 2016 Exploratory Factor Analysis (EFA) eigenvalues
Eigenvalues of the Reduced Correlation Matrix:
Total = 23 Average = 1
Eigenvalue
Difference
Proportion
1
5.39726691
2.96997056
0.2347
2
2.42729635
0.53262981
0.1055
3
1.89466654
0.24551580
0.0824
4
1.64915074
0.11864784
0.0717
5
1.53050290
0.25706464
0.0665
6
1.27343825
0.05623635
0.0554
7
1.21720191
0.18777350
0.0529
8
1.02942841
0.06246564
0.0448
9
0.96696276
0.15478910
0.0420
10
0.81217367
0.11867756
0.0353
11
0.69349611
0.02873237
0.0302
12
0.66476375
0.07295002
0.0289
13
0.59181373
0.03606801
0.0257
14
0.55574572
0.06117748
0.0242
15
0.49456824
0.09154314
0.0215
16
0.40302510
0.07611478
0.0175
17
0.32691032
0.03854715
0.0142
18
0.28836317
0.02565521
0.0125
19
0.26270796
0.01645470
0.0114
20
0.24625326
0.06487034
0.0107
21
0.18138292
0.06576929
0.0079
22
0.11561363
0.13834599
0.0050
23
-.02273236
-0.0010
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Cumulative
0.2347
0.3402
0.4226
0.4943
0.5608
0.6162
0.6691
0.7139
0.7559
0.7912
0.8214
0.8503
0.8760
0.9002
0.9217
0.9392
0.9534
0.9659
0.9774
0.9881
0.9960
1.0010
1.0000

Figure 3-1. 2016 Exploratory Factor Analysis (EFA) scree plot
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Table 3-3. 2016 Exploratory Factor Analysis (EFA) factor pattern from the Promax
rotation, decimals omitted
Factor 1
Factor 2
Factor 3
Factor 4
Item
-67
3
27
-1
albumin
72

1

0

-8

disposition

54

19

-14

10

length of stay

73

-15

14

3

Morse fall
score

81

-11

5

3

gait/transferring
score

54

3

9

-12

level of
assistance
needed

9

56

35

-1

active
medications

28

63

3

7

Charleson
Comorbidity
Index

-10

97

-10

-3

on high risk
medications

-9

95

-9

-1

number of high
risk
medications

-6

4

84

5

cancelled
appointments

-13

-5

90

7

attended
appointments

6

1

80

-8

phone
encounters

34

20

15

-53

insurance

-9

11

5

87

marital status

6

-4

-2

-56

someone living
with patient
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Table 3-4. 2016 Exploratory Factor Analysis (EFA) factor structure, decimals omitted
Factor 1
Factor 2
Factor 3 Factor 4
Item
-58
-4
9
5
albumin
73
21
22
-16
disposition
54
27
8
5
length of stay
73
10
30
-6
Morse fall score
79
12
24
-6
gait/transferring score
59
21
26
-19
level of assistance needed
34
72
59
-6
active medications
44
71
34
2
Charleson Comorbidity Index
14
91
25
-5
on high risk medications
13
19
11
30
50
-14
11

89
34
25
33
37
7
-1

24
83
84
82
36
1
1

-3
1
3
-13
-59
87
-56

number of high risk medications
cancelled appointments
attended appointments
phone encounters
insurance
marital status
someone living with patient
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Figure 3-2. 2016 Exploratory Factor Analysis (EFA) factors and variables
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CHAPTER 4
PRIMARY CARE MODIFIABLE FACTORS OF THE 1-2 READMISSIONS
POPULATION
4.1 Background
Readmissions research has been a top priority for the United States because
hospitals with excessive readmissions receive reduced payments from the Inpatient
Prospective Payment System (IPPS) and can be fined.1 In 2011 in the US, there were
approximately 3.3 million adult readmissions with an associated cost of $41.3 billion.3
For Medicare and Medicaid patients alone, associated hospital costs due to
readmissions totaled $5.1 billion.3 Various studies have shown that a proportion of
readmissions is preventable.4 Three-quarters of readmissions were potentially
preventable, equating to an estimated $12 billion in Medicare spending in 2005 claims
data.4 This number has increased to an approximate $17 billion in 2011.60 Many studies
have shown strategies that hospitals have used to prevent unnecessary readmissions,
yet the best strategy has been difficult to identify.4 Therefore, there are opportunities to
find solutions to the readmission problem.
Current readmissions research focuses on characterizing patients who have
readmitted at a high rate, which is 3 or more readmissions within 12 months. 2 Other
readmissions research also focuses on readmissions as one continuous outcome. One
gap in readmissions research is the middle-tier population, those who readmit 1-2 times
in 12 months. In our health system, we have found that the majority of patients, who
readmit, do so at a rate of 1-2 times in 12 months, rather than 3 or more times in 12
months. Because there is a distinct middle-tier group, it is important to understand the
characteristics of these patients in order to find points of intervention.
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There have been numerous attempts to develop predictive tools for readmissions
such as the HOSPITAL score, LACE index, LACE+ index, and the Readmission Risk
score.11,12 These predictive tools utilize health status variables (e.g. comorbidity of
patient and age), and inpatient factors (e.g. length of stay, acuity of admissions, and
emergency department use). These scores, though widely used, still have weaknesses.
A study comparing the four tools and their abilities in predicting patients’ readmissions
concluded moderate performance with c-scores of 0.66-0.68.14
Readmissions studies have described the importance of social determinants of
health, and their effect in predicting readmissions. Social determinants of health are
defined as conditions in which people are born, grow, work, live, and age, and the wider
(i.e. systematic) forces that affect health risks and health outcomes.16,17,18,19 The
Hospital Industry Data Institute (HIDI) suggests that before penalizing hospitals for
excess readmissions, there should be risk-adjusted readmissions rates accounting for
social determinants of health.21 Adjusting for nonclinical social determinant factors
improved the HIDI readmissions risk prediction model compared to the standard CMS
model (i.e. readmissions model based on CMS hospital-level data) and Yale-CORE
model (i.e. readmissions model that adjusts for patient-level and provider-level
factors).21,22 The HIDI model added social determinants measured as Medicaid status,
census tract poverty rate, and census tract environment measure.
In addition to social determinants of health, other factors can be studied in
regards to readmissions. One understudied area is the role of patients’ outpatient
behavior or activity on readmissions. The Agency for Healthcare Research and Quality
(AHRQ) and Centers for Medicare and Medicaid Services (CMS) have suggested that
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effective and timely primary care can prevent readmissions.2, 30, 31 AHRQ has
recognized that primary care settings have been mentioned in various readmissions
reducing initiatives, however, evidence-based literature on the role of primary care in
preventing readmissions is scarce.31 There is no literature to our knowledge that
measures the relationship between patients’ interactions with primary care and
readmissions. Examples of interactions with primary care (i.e. outpatient behavior) are
made clinic appointments, missed clinic appointments, cancelled clinic appointments,
and phone encounters with the clinic.
In order to understand the role of outpatient behavior and other factors such as
health status, inpatient factors, and social determinants of health, we created the OHIS
theoretical model (Figure 1-4). The OHIS model is an adaption of a theoretical model for
preventing early unplanned hospital readmission after critical illness (PROFILE). 44
Therefore the aims of this study are to 1) characterize the 1-2 readmissions population
in an academic family medicine department, and 2) identify the role of outpatient
behavior in readmissions.
4.2 Methods
4.2.1 Study Overview
The present study was a retrospective cross-sectional design and was approved
by the University of Florida Institutional Review Board. Participants included in this
analysis were patients who were hospitalized in calendar years 2015 and 2016 (January
1, 2015- December 31, 2016) at a large Southeast United States academic hospital and
were also active patients of the associated family medicine outpatient practices.
Patients also needed to be aged 18-64 years to be included into the analysis.
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The number of readmissions each patient had in 12 months was recorded (i.e. 0
readmissions, 1-2 readmissions, and 3 or more readmissions). Then, the index
admission was created. Index admissions are defined as the first admissions that
qualify patients to having readmissions. After the index admissions were identified, all
other hospitalizations were deleted; inclusion criteria we consider the first admissions.
Thus, if any patients readmitted in both 2015 and 2016, index admission information
from 2015 was kept and 2016 information was deleted (N=1,212).
4.2.2 Outpatient Behavior
Variables from each of the proposed theoretical model constructs were used.
The variables representing outpatient behavior within the same year were cancelled
clinic appointments, no show clinic appointments, attended clinic appointments, and
telephone encounters with clinic.
4.2.3 Health Status
The variables representing health status were number of active medications,
number of active problems, age, recent albumin reading, recent systolic blood pressure
reading, Charleson comorbidity index (CCI), presence of chronic pain, presence of
psychological problem, number of high risk medications taken (types: diabetic, opioid,
anticoagulant), and presence of substance use.
4.2.4 Inpatient Factors
The variables representing inpatient factors are acuity of admission, location
patient was admitted from, location patient was discharged to (i.e. disposition),
ambulatory care sensitive condition, length of stay (LOS), Morse fall score,
Gait/transferring score, and level of assistance needed.

62

4.2.5 Social Determinants
The variables representing social determinants of health included were ethnicity,
insurance type, health literacy, marital status, presence of physical abuse, presence of
verbal abuse, race, sex, presence of someone living with patient, presence of help with
daily activities, and zip code.
4.2.6 Statistical Analysis
Power was calculated with the 30 observations per predictor rule of thumb. The
required sample size calculation: 34 predictors * 30 observations= 1,020. With an N of
1,040, we believe we were sufficiently powered for the analyses. For each of the 34
variables selected, bivariate analyses were conducted in order to assess the
relationships with the outcome (i.e. number of readmissions). Chi-square tests were
conducted for categorical variables, and ANOVAs for categorical and continuous
variables. Once significant correlations were identified from the bivariate analyses,
these variables were entered into an adjusted multinomial logistic regression. The
analysis for this paper was generated using SAS software, Version 9.4.
4.3 Results
Of the 1,040 people with an admission whose de-identified data was included in
this study, there were 209 unique people who had 1-2 readmissions in 2015-2016. On
average, those with 1-2 readmissions were 45-64 years old, mostly female, mostly nonHispanic White, mostly on high-risk medications (at least 1), not married, had public
insurance, and lived outside of the hospital’s city. For the bivariate analysis, variables
from each of the constructs were significant with the outcome of number of
readmissions, at a p< 0.05 level (Table 4-1). For outpatient behavior, the significant
variables were cancelled appointments, no show appointments, attended appointments,
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telephone encounters. For health status, the significant variables were active
medications, active problems, albumin, systolic blood pressure, Charleson comorbidity
index, presence of psychological problem, and number of high-risk medications. For
inpatient factors, the significant variables were location of admission, disposition, length
of stay, Morse fall score, gait/transferring score, level of assistance needed. For social
determinants only insurance was significant.
The variables significantly related to readmission from the bivariate analyses
were entered into the multivariate analysis with the exception of disposition. Disposition
was dropped due to lack of variance. Few people had planned readmissions (14);
almost all went home or to an assisted living status. Sex was added as a control
variable in the multivariate analysis.
The multivariate analysis, seen in Table 4-2, revealed increased risk effects for
the 1-2 readmissions group. For every additional telephone encounter (between patient
and clinic) there was a 10% increased likelihood of having 1-2 readmissions compared
to 0 readmissions, after controlling for all other covariates. Patients with an albumin of
less than 3.4, compared to those with normal albumin levels, were 2 times as likely to
have 1-2 readmissions compared to 0 readmissions. For every additional increase in
the Charleson comorbidity index (CCI) there was an 11% increased likelihood of having
1-2 readmissions compared to 0 readmissions. Patients on 2 and 3 high risk
medications, compared to 0 high risk medications, were about 2 times and almost 3
times as likely (AOR:1.919 and 2.675 respectively) to have 1-2 readmissions compared
to 0 readmissions. Patients with a gait/transferring score if 20, compared to a score of 0,
were 2.3 times as likely (AOR: 2.343) to have 1-2 readmissions compared to 0
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readmissions. In addition, for every increase in the number of attended clinic
appointments, there was a 10% decreased likelihood of having 1-2 readmissions
compared to 0 readmissions.
The multivariate analysis, seen in Table 4-2, revealed increased risk effects for
the 3 or more readmissions group. For every additional cancelled clinic appointment
and telephone encounter (between patient and clinic), there was about 30% and 20%
(AOR: 1.270 and 1.186 respectively) increased likelihood of having 3 or more
readmissions compared to 0 readmissions. For every additional increase in the
Charleson comorbidity index (CCI) there was a 14% increased likelihood (AOR=1.142)
of having 3 or more readmissions compared to 0 readmissions. Patients who were
admitted from anywhere other than home or assisted were 4 times as likely
(AOR=4.042) to be in the group with 3 or more readmissions, compared to 0
readmissions. In addition, for every increase in the number of attended clinic
appointments, there was a 23% decreased likelihood (AOR: 0.773) in of having 3 or
more readmissions compared to 0 readmissions.
4.4 Conclusions
There were many significant findings in our study. Most of the significant
multivariate findings were expected, with the exception of one of the outpatient behavior
factors, particularly, the increased risk of 1-2 readmissions for every additional
telephone encounter (between patient and clinic). We expected that as telephone
encounters to the clinic increased, there would be more intervention by the clinic and
therefore a decrease in readmissions. We suspect that the number of telephone
encounters may not only be between the patient and the primary care outpatient clinic,
but other clinics within the health system (e.g. specialists). Therefore, this variable may
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just be a function of the patient’s healthcare usage. Attended clinic appointments
significantly reduced the odds of both 1-2 and 3 or more readmissions, which may show
the importance that primary care clinics have in preventing patients from
rehospitalizations. It should be noted that cancelled clinic appointments, overall, were
statistically significant in the multivariate model, but not for the group with 1-2
readmissions. Cancelled clinic appointments may be related to some other factor
important to readmissions. This importance should be noted since this may be an area
that the primary clinic could intervene in; further exploration is warranted.
Some of the health status factors were significant in predicting 1-2 and 3 or more
readmissions. Albumin levels of less than 3.4, compared to normal albumin levels, the
higher the odds for 1-2 readmissions. A study showed that low albumin levels were
associated with increased short and long term mortality in hospitalized patients. 61 As a
patient’s Charlson comorbidity index (CCI) increases, the higher the odds for
readmissions. This is confirmed by the inclusion of CCI in current readmissions
predictive scores.11, 12, 14 High-risk medications also increased the odds of 1-2
readmissions. A study including the interaction between pain, pain medication (e.g.
opioid use), and older age, was found to be a risk factor for unplanned readmissions. 49
Other readmissions studies have concluded that polypharmacy and higher CCI scores
predict readmissions better than other readmissions risk models.15 Yet, this is the first
study to our knowledge that goes a step further by studying the role of high risk
medications (i.e. diabetic, opioid, anticoagulant) in readmissions, as suggested by the
made by the national Office of Disease Prevention and Health Promotion.58
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Few inpatient factors were significant in the multivariate model. Patients with a
gait and transferring score of 20 (i.e. impaired) compared to 0 (i.e.
normal/bedrest/immobile) had higher odds (AOR: 2.177) of 1-2 readmissions compared
to 0 readmissions, after controlling for all other covariates. The gait and transferring
score is a part of the Morse Fall scale.62 This score was created to predict future falls,
but is also used to identify risk factors to address before a patient is sent home from the
hospital.62 It should be noted that the gait and transferring score was only significant for
predicting 1-2 readmissions, and was not significant in the overall model. Therefore,
further study is required.
In terms of variables reflecting social determinants, none were significant. It was
surprising that none of the variables that might reflect underlying abuse or social
support were significant to the readmission prediction. It is possible that the abuse and
social support measured were too proximal to the readmission. Events occurring
immediately prior to hospitalization that would be captured through a life event scale
may be needed addition to inpatient screening.
Though there were many strengths in this study, such the addition of outpatient
behavior, there are limitations to be noted. First, the study is based on one academic
family medicine department in the Southeast US. This is a limitation because the
findings of this study may not be generalizable to all family medicine departments in the
US.
Another limitation of this study is the cross-sectional study design. Because we
are looking at a point in time, we cannot predict readmissions over time. We also cannot
see if a patient was already readmitting before the study period (i.e. before January 1,

67

2015) or continues to readmit or passes away after the study period (i.e. after
December 21, 2016).
For future directions, we recommend expanding the study to other academic
family medicine departments to achieve generalizability. In addition, we recommend the
addition of more social determinants of health. Unfortunately, during the study period,
the hospital just began collecting variables such as: concern about transportation at
discharge, concern about transportation at home, and problems of accessing
medications (e.g. picking up or affording). These are areas that have been discussed at
local readmissions meetings; therefore, their relationship to readmissions should be
further studied.
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Table 4-1. Descriptive analysis of variables by readmissions group (0 readmissions, 1- 2
readmissions only, or 3 or more readmissions)
Number of Readmissions
0
1–2
3 or more
N= 779
N= 209
N= 52
OUTPATIENT BEHAVIOR
CANCELLED
APPOINTMENTS
NO SHOW APPOINTMENTS
ATTENDED
APPOINTMENTS
TELEPHONE
ENCOUNTERS
HEALTH STATUS
ACTIVE MEDICATIONS
ACTIVE PROBLEMS
AGE
18-24
25-44
45-64
ALBUMIN
Less than 3.4
Normal (3.4 - 5.4)
SYSTOLIC BLOOD
PRESSURE
0 - 119
120 - 129
130 - 139
140 and above
CHARLESON
COMORBIDITY INDEX
CHRONIC PAIN
Yes
PSYCHOLOGICAL
PROBLEM
Yes
NUMBER OF HIGH RISK
MEDICATIONS
0
1
2
3
SUBSTANCE USE
Yes

P-value

2.3 ‘

3.0 ‘

3.3 ‘

< 0.0001

0.8 ‘
5.3 ‘

1.2 ‘
5.9 ‘

1.5 ‘
4.8 ‘

< 0.0001
0.02

5.5 ‘

7.0 ‘

7.3 ‘

< 0.0001

7.3 ‘
8.4 ‘

8.3 ‘
9.0 ‘

8.8 ‘
9.5 ‘

< 0.0001
< 0.0001
0.27

30 (3.9%)
209 (26.8%)
540 (69.3%)

7 (3.4%)
45 (21.5%)
157 (75.1%)

1 (1.9%)
10 (19.2%)
41 (78.9%)

117 (15.0%)
662 (84.9%)

64 (30.6%)
145 (69.4%)

17 (32.7%)
35 (67.3%)

< 0.0001

0.02
273 (35.0%)
165 (21.2%)
152 (19.5%)
189 (24.3%)
2.3 ‘

82 (39.2%)
46 (22.0%)
35 (16.8%)
46 (22.0%)
3.5 ‘

29 (55.8%)
2 (3.8%)
9 (17.3%)
12 (23.1%)
3.9 ‘

82 (10.5%)

27 (12.9%)

7 (13.5%)

< 0.0001
0.48
0.05

399 (51.2%)

109 (52.2%)

35 (67.3%)
< 0.0001

284 (36.5%)
350 (44.9%)
132 (16.9%)
13 (1.7%)

44 (21.0%)
89 (42.6%)
66 (31.6%)
10 (4.8%)

12 (23.1%)
26 (50.0%)
11 (21.1%)
3 (5.8%)

140 (18.0%)

32 (15.3%)

10 (19.2%)

0.52
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Table 4-1. Continued
Number of Readmissions
0
1–2
3 or more
N= 779
N= 209
N= 52
INPATIENT FACTORS
ACUITY ■

P-value

1.00

(N=969)

Non-urgent
Urgent
LOCATION OF ADMISSION
Home
Assisted
Other
DISPOSITION
Home
Assisted
Planned readmission
Other
AMBULATORY CARE
SENSITIVE CONDITION ■

4 (0.5%)
740 (99.5%)

1 (0.5%)
180 (99.5%)

0 (0.0%)
44 (100.0%)

746 (95.8%)
12 (1.5%)
21 (2.7%)

202 (96.7%)
4 (1.9%)
3 (1.4%)

45 (86.5%)
2 (3.9%)
5 (9.6%)

647 (83.1%)
115 (14.8%)
8 (1.0%)
9 (1.1%)

144 (68.9%)
54 (25.8%)
5 (2.4%)
6 (2.9%)

35 (67.3%)
16 (30.8%)
1 (1.9%)
0 (0.0%)

0.02

< 0.0001

0.41

(N=1035)

Yes
LENGTH OF STAY
MORSE FALL SCORE
GAIT/TRANSFERRING
SCORE
LEVEL OF ASSISTANCE
NEEDED
Independent
Dependent
SOCIAL DETERMINANTS
ETHNICITY
Not Hispanic or Latino
Hispanic or Latino
Patient refused
INSURANCE
Public
Private
Self-pay
HEALTH LITERACY ■

181 (23.4%)
3.8 ‘
46.3 ‘
3.5 ‘

48 (23.0%)
4.8 ‘
51.6 ‘
6.0 ‘

16 (30.8%)
5.9 ‘
51.1 ‘
4.2 ‘

< 0.0001
0.0002
< 0.0001
0.05

271 (34.8%)
508 (65.2%)

58 (27.8%)
151 (72.2%)

15 (28.8%)
37 (71.2%)

741 (95.1%)
36 (4.6%)
2 (0.3%)

198 (94.7%)
11 (5.3%)
0 (0.0%)

51 (98.1%)
1 (1.9%)
0 (0.0%)

468 (60.1%)
247 (31.7%)
64 (8.2%)

146 (69.9%)
51 (24.4%)
12 (5.7%)

45 (86.5%)
6 (11.5%)
1 (2.0%)

0.82

0.0001

0.71

(N=791)

Adequate
Limited
MARITAL STATUS
Not married
Married

457 (75.4%)
149 (24.6%)

108 (74.5%)
37 (25.5%)

28 (70.0%)
12 (30.0%)

507 (65.1%)
272 (34.9%)

130 (62.2%)
79 (37.8%)

36 (69.2%)
16 (30.8%)

0.67
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Table 4-1. Continued
Number of Readmissions
0
1–2
3 or more
N= 779
N= 209
N= 52
PHYSICAL ABUSE ■

P-value
0.18

(N=1032)

Denies
Denies, provider concerned
Unable to assess
Yes, past
Yes, present
VERBAL ABUSE ■

726 (93.8%)
0 (0.0%)
28 (3.6%)
19 (2.5%)
1 (0.1%)

194 (93.7%)
1 (0.5%)
8 (3.9%)
4 (1.9%)
0 (0.0%)

45 (88.2%)
0 (0.0%)
5 (9.8%)
1 (2.0%)
0 (0.0%)
0.24

(N=1031)

Denies
Denies, provider concerned
Unable to assess
Yes, past
Yes, present
RACE
Majority
Minority
SEX
Female
SOMEONE LIVING WITH
PATIENT ■

722 (93.4%)
0 (0.0%)
28 (3.6%)
21 (2.7%)
2 (0.3%)

192 (92.7%)
1 (0.5%)
8 (3.9%)
6 (2.9%)
0 (0.0%)

45 (88.2%)
0 (0.0%)
5 (9.8%)
1 (2.0%)
0 (0.0%)

416 (53.4%)
363 (46.6%)

123 (58.9%)
86 (41.1%)

32 (61.5%)
20 (38.5%)

453 (58.2%)

107 (51.2%)

25 (48.1%)

0.37

0.06
0.52

(N=1038)

Not alone
Alone
SOMEONE HELPING WITH
DAILY NEEDS ■

629 (80.9%)
149 (19.1%)

165 (79.3%)
43 (20.7%)

38 (73.1%)
14 (26.9%)
0.91

(N=1028)

Not alone
None
ZIPCODE
West (Higher SES)
East (Lower SES)
Outside hospital’s city

758 (98.3%)
13 (1.7%)

203 (98.5%)
3 (1.5%)

50 (98.0%)
1 (2.0%)

217 (27.9%)
292 (37.5%)
270 (34.6%)

56 (26.8%)
64 (30.6%)
89 (42.6%)

13 (25.0%)
20 (38.5%)
19 (36.5%)

0.34

‘ Denotes Average
■
Denotes that variable has different N
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Table 4-2. Multivariate analysis of significant variables from univariate analysis,
predicting number of readmissions
0
OUTPATIENT BEHAVIOR
CANCELLED
APPOINTMENTS
NO SHOW
APPOINTMENTS
ATTENDED
APPOINTMENTS
TELEPHONE
ENCOUNTERS
HEALTH STATUS
ACTIVE MEDICATIONS
ACTIVE PROBLEMS
ALBUMIN
Less than 3.4
Normal (3.4 - 5.4)
SYSTOLIC BLOOD
PRESSURE
0 - 119
120 - 129
130 - 139
140 and above
CHARLESON
COMORBIDITY INDEX
PSYCHOLOGICAL
PROBLEM
Yes
NUMBER OF HIGH RISK
MEDICATIONS
0
1
2
3
INPATIENT FACTORS
LOCATION OF
ADMISSION
Home
Assisted
Other
LENGTH OF STAY
MORSE FALL SCORE
GAIT/TRANSFERRING
SCORE
0
10
20

Number of Readmissions
1-2
3 or more

P-value

REF

1.082 (0.978-1.197)

1.270 (1.051-1.534)*

0.02

REF

1.171 (0.999-1.373)

1.314 (0.982-1.757)

0.05

REF

0.930 (0.867-0.997)∆

0.773 (0.682-0.877) ∆

0.0001

REF

1.098 (1.031-1.170)*

1.186 (1.053-1.335)*

0.0009

REF
REF

1.024 (0.950-1.104)
1.013 (0.928-1.106)

1.042 (0.891-1.218)
1.115 (0.895-1.390)

0.74
0.61
0.0035

REF
REF

1.989 (1.326-2.985)*
REF

1.548 (0.745-3.216)
REF
0.19

REF
REF
REF
REF
REF

REF
1.059 (0.678-1.654)
0.817 (0.506-1.320)
0.778 (0.499-1.212)
1.114 (1.038-1.195)*

REF
0.146 (0.034-0.670) ∆
0.682 (0.287-1.621)
0.705 (0.326-1.527)
1.142 (1.009-1.292)*

0.0036
0.48

0.915 (0.644-1.300)

1.425 (0.720-2.821)
0.08

REF
REF
REF
REF

REF
1.237 (0.803-1.904)
1.919 (1.162-3.167)*
2.675 (1.016-7.044)*

REF
1.467 (0.651-3.304)
1.091 (0.403-2.957)
3.083 (0.606-15.694)
0.19

REF
REF
REF
REF
REF

REF
1.431 (0.430-4.757)
0.754 (0.206-2.759)
1.013 (0.963-1.065)
0.999 (0.987-1.011)

REF
2.482 (0.475-12.964)
4.042 (1.071-15.254)*
1.080 (0.994-1.174)
1.012 (0.991-1.033)

REF
REF
REF

REF
1.280 (0.800-2.050)
2.343 (1.176-4.669)*

REF
0.694 (0.292-1.648)
0.406 (0.087-1.883)
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0.19
0.54
0.07

Table 4-2. Continued
0
LEVEL OF ASSISTANCE
NEEDED
Independent
Dependent
SOCIAL
DETERMINANTS
INSURANCE
Public
Private
Self-pay
SEX
Male

Number of Readmissions
1-2
3 or more

REF
REF

REF
0.875 (0.590-1.299)

REF
0.627 (0.298-1.319)

REF
REF
REF

REF
1.084 (0.717-1.639)
1.049 (0.526-2.092)

REF
0.594 (0.228-1.544)
0.231 (0.027-1.966)

REF

1.355 (0.968-1.896)

1.655 (0.880-3.112)

P-value
0.42

0.54

0.09

∆

Denotes Decreased Risk
* Denotes Increased Risk
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CHAPTER 5
IDENTIFYING THE 1-2 READMISSIONS POPULATION: A CROSS-SECTIONAL
ANALYSIS FROM THE NATIONWIDE READMISSIONS DATABASE
5.1 Background
Because hospitals with excessive readmissions receive reduced payments from
the Inpatient Prospective Payment System (IPPS) and can also be fined, readmission
reduction research is a top priority in the United States.3 In 2011, there were
approximately 3.3 million adult readmissions in the US with an associated cost of $41.3
billion.3 For Medicare and Medicaid patients alone, associated hospital costs due to
readmissions totaled $5.1 billion.3 While not all hospitalizations, including readmissions,
are avoidable, various studies have shown that some are preventable. 4 For instance, an
analysis of 2005 claims data showed that about three-quarters of readmissions within
30 days were potentially preventable, equating to an estimated $12 billion in potentially
unnecessary Medicare spending.4
While a growing body of literature is present to assist in decreasing readmission
rates, several key areas are not as well studied. For instance, a proportion of
readmissions that are preventable are related to readmissions that have primary
diagnoses codes that are associated with ambulatory-care sensitive conditions (ACSC),
and these are understudied. ACSCs are a set of conditions with diagnoses for which
timely and effective outpatient care can help to reduce the risks of hospitalizations, and
therefore readmissions, by preventing acute illness and managing chronic conditions.63
In addition, the readmissions literature has predominately focused on characterizing the
high readmitting population (i.e. those with 3 or more readmissions) versus others 3, as
well as analyzing readmissions as one continuous outcome.4 Little research has
focused on understanding or characterizing the 1-2 readmissions per year population.
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Surprisingly, this group of people contribute most to the total number of readmissions.
Thus, to better understand their readmission behavior, research is needed to
characterize this understudied subgroup with respect to social determinants of health,
heath status variables, and inpatient factors, consistent with a biopsychosocial model of
health.64 To our knowledge, no predictive readmissions models have been made to
predict ACSC-related readmissions and to characterize this 1-2 readmissions subgroup.
Social determinants are an understudied area in readmissions, even though they
affect many health outcomes, including readmissions. Social determinants of health are
defined as the conditions in which people are born, grow, work, live, and age, and the
wider (i.e. systematic) forces that affect health risks and health outcomes.16,17,18,19
According to a recent article on PEARLS+ from Academic Medicine, societal forces,
social determinants, and health outcomes are connected.23 The acronym PEARLS+
stands for politics, economics, environment, ethics, arms, religion, life circumstances,
social roles, social structures, and other forces. PEARLS+ are the key societal factors
that influence social determinants of health, which then shape health outcomes,
including readmissions. Examples of important social determinants include sex,
insurance, patient location, and median income. By definition, insurance, where patients
live (i.e. patient location), and income, are variables related to all health outcomes,
especially readmissions.21
Health status variables, which have been studied in readmissions, define the
baseline health of patients and are important given that those who are sicker tend to
have a higher risk for readmissions. Health status variables include age, number of
chronic health conditions and comorbidities. As age increases, health quality often
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declines. Older age is thus a proxy for poor health, especially when combined with pain
medication use,49 while number of chronic diseases 12 as well as specific comorbidities
(e.g. congestive heart failure),34, 35, 36 have also been reported to be correlated with
readmissions.
Inpatient factors are most commonly reported for readmissions research using
common validated readmissions scores (i.e. HOSPITAL score, LACE index, and LACE+
index).11,12, 13 These inpatient factors include length of stay of index admission and
disposition of the patient (i.e. where the patient was discharged to). For example, the
Agency for Healthcare Research and Quality (AHRQ)’s Hospital Guide to Reducing
Medicaid Readmissions specifically requires staff to record patients’ disposition in part
because it is a major factor in preventing readmissions.50,65
In order to better understand the roles of the aforementioned factors, we created
the outpatient behavior, health status, inpatient factors, and social determinants of
health (OHIS) theoretical model (Figure 1-4). Although there were no variables available
to represent outpatient behavior, we proceeded to use the rest of the OHIS theoretical
model to inform this study. The aim of this study was to characterize the middle-tier
ACSC readmissions population (e.g. those who readmit 1-2 times in one year), using
factors relating to social determinant, health status, and inpatient factors. We expected
that a number of variables would predict 1-2 readmissions within 1 year. For the social
determinants variables, females were hypothesized to have higher odds of having 1-2
readmissions compared to 0 readmissions, compared to their male counterparts, when
controlling for all other covariates. It was also hypothesized that those with public
insurance would have higher odds for 1-2 readmissions compared to 0 readmissions,
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compared to other insurance types, when controlling for all other covariates. Also, we
hypothesized that those with lower median incomes would have higher odds for 1-2
readmissions compared to 0 readmissions, compared to those with higher median
incomes, when controlling for all other covariates. For the health status variables, it was
hypothesized that with every year increase in age, there would be higher odds of having
1-2 readmissions compared to 0 readmissions, when controlling for all other covariates.
It was also hypothesized that with the presence of alcohol abuse comorbidity, drug
abuse comorbidity, and complicated diabetes comorbidity, there would be higher odds
of having 1-2 readmissions compared to 0 readmissions, when controlling for all other
covariates. For the inpatient factors variables, it was hypothesized that for every day
increase of length of stay, there would be higher odds of having 1-2 readmissions
compared to 0 readmissions, when controlling for all other covariates.
5.2 Methods
5.2.1 Study Overview
The present study used a retrospective cross-sectional design and was approved
by the University of Florida Institutional Review Board. Data used for this study come
from the 2013 Nationwide Readmissions Database (NRD), Healthcare Cost and
Utilization Project (HCUP), Agency for Healthcare Research and Quality. It includes
hospitalizations and readmissions from January 1, 2013 to December 31, 2013. The
NRD includes data from approximately 15 million discharges each year, representing
approximately 35 million discharges each year, when weighted, and it provides
nationally representative information on readmissions.51 This database includes 22
geographically dispersed states with verifiable patient linkage numbers.51 These states
account for 51.2% of the total US population and 49.3% of all US hospitalizations. 51
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From the 14,325,172 hospitalizations in the 2013 NRD, the index admissions
were abstracted (Figure 5-1). Index admissions were defined as the first admissions
that qualify patients to have readmissions. After the index admissions were identified, all
other hospitalizations were deleted. In addition, for each of the index admissions, only
primary diagnoses with ACSC-related hospitalizations were kept (N=1,990,023). From
this sample, only people aged 18-64 years old, with a known location after discharge
(i.e. disposition), and with a 0-14 days length of stay were included. Patients younger
than 18 and older than 64 were deleted because the populations of interest were
working-age adults. Patients whose length of stays were longer than 14 days were
deleted, because upon inspection of the distribution of the data, 95% of the
hospitalizations had lengths of stays of 14 days or less, and because these admissions
were likely to be substantially different given our within 30-day readmission criteria. If
an index admission had any missing data for our key variables of interest, it was
deleted. The final sample size was N= 716,216. Finally, we categorized the main
outcome variable, number of readmissions into 0 readmissions, 1-2 readmissions, and 3
or more readmissions, within 2013.
5.2.2 Social Determinants
The social determinants included in the analysis were sex (female or male),
insurance (no charge; other; private; public; self-pay), patient location (central; fringe;
metro area 250,000- 999,999; metro area 50,000- 249,999; micropolitan; not
metropolitan or micropolitan), and median income ($1-37,999; $38,000-47,999;
$48,000-63,999; $64,000-more).
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5.2.3 Health Status Factors
The health status factors included in the analysis were age (18-64), number of
chronic conditions (0-6), as well as a number of AHRQ comorbidity measures (yes/no)
such as alcohol abuse, deficiency anemia, congestive heart failure, chronic pulmonary
disease, depression, diabetes uncomplicated, diabetes with chronic complications, drug
abuse, hypertension, obesity, and psychoses.
5.2.4 Inpatient Factors
The inpatient factors included in the analysis were discharge month, length of
stay (0-14), admission day (weekend or nonweekend), and disposition (routine; transfer
to short-term hospital; skilled nursing, intermediate care, other facility; Home Health
Care; against medical advice).
5.2.5 Statistical Analyses
For each of the 21 variables selected, bivariate analyses were conducted in order
to assess the relationships with the outcome variable, number of readmissions. Chisquare tests were conducted for categorical variables, and ANOVAs were conducted for
continuous variables. Once significant correlations were identified from the bivariate
analyses, these variables were entered into an adjusted multinomial logistic regression.
The analysis for this paper was generated using SAS software, Version 9.4.
5.3 Results
Of the 1,658,963 (unweighted=716,216) people with an admission whose deidentified data was included in this study, 276,523 (unweighted=120,303) people had 12 readmissions in 2013. On average, those with 1-2 readmissions were 49 years old,
mostly female, had 6 or more chronic conditions, had public insurance, lived in central
locations (i.e. areas with >1 million people), and had low incomes (i.e. $1-$37,999). For
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the bivariate analysis with the outcome of readmissions, all of the tested variables were
significant (Table 5-1).
For the multivariate analysis there were both decreased and increased risk
effects after controlling for all other covariates, as seen in Table 5-2. For every year
increase in age, there was a decreased odds of having 1-2 readmissions (AOR: 0.992),
compared to 0 readmissions. Females had less likelihood of having 1-2 readmissions
than males (AOR: 0.957), compared to 0 readmissions. Some of the comorbidities such
as hypertension (AOR: 0.972) and obesity (AOR: 0.768), decreased odds of 1-2
readmissions, compared to 0 readmissions. Being discharged during a month later in
the year versus earlier in the year decreased odds of having 1-2 readmissions (AOR:
0.974), compared to 0 readmissions. Insurance type mattered; any insurance other than
public lower odds of having 1-2 readmissions (No charge AOR: 0.659, Other AOR:
0.735, Private AOR: 0.623, Self-pay AOR: 0.597), compared to 0 readmissions. Living
in a less populated area compared to central populated locations, reduced odds of 1-2
readmissions (Fringe AOR: 0.983, Metro 1 AOR: 0.957, Metro 2 AOR: 0.968,
Micropolitan AOR: 0.863, Not metropolitan or micropolitan AOR: 0.856), compared to 0
readmissions. Patients with median incomes $48,000 or more, compared to median
incomes of $1 - $37,999, had slightly lower odds of having 1-2 readmissions (AORs:
0.967) compared to 0 readmissions. Having a median income of $64,000 or more,
compared to median incomes of $1 - $37,999, reduced odds of having 1-2 readmissions
(AOR: 0.937) compared to 0 readmissions.
As number of chronic conditions increased, the odds of having 1-2 (1 AOR:
1.589, 2 AOR: 2.133, 3 AOR: 2.543, 4 AOR: 2.960, 5 AOR: 3.361, 6 or more AOR:
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4.154) increased in a linear manner compared to 0 readmissions, after controlling for all
other covariates. Many of the comorbidities such as anemia (1-2 readmissions AOR:
1.286), congestive heart failure (1-2 readmissions AOR: 1.240), depression (1-2
readmissions AOR: 1.037), diabetes uncomplicated (only 1-2 readmissions AOR:
1.036), diabetes complicated (1-2 readmissions AOR: 1.065), drug abuse (1-2
readmissions AOR: 1.192), and psychoses (1-2 readmissions AOR: 1.116),
independently increased risk of readmission. For every day increase in length of stay,
there were increased odds for having 1-2 (AOR: 1.043) compared to 0 readmissions,
after controlling for all other covariates. Patients who were admitted on the weekend,
compared to those admitted on weekdays, had a slightly higher odds of having 1-2
(AOR: 1.037), compared to 0 readmissions, after controlling for all other covariates.
Those who were sent to all other facilities compared to routine disposition, had higher
odds of having 1-2 readmissions (Transfer to short-term hospital AOR: 1.304, Skilled
nursing AOR: 1.101, Home Health Care AOR: 1.353, Against medical advice AOR:
2.143) compared to 0 readmissions, after controlling for all other covariates.
For the 3 or more readmissions group, for every year increase in age, there were
lower odds of 3 or more readmissions compared to 0 readmissions (AOR: 0.964).
Those who were obese had increased odds of 3 or more compared to 0 readmissions
than those without obesity (AOR: 0.595). As the discharge month went later in the year,
there was a decreased odds of having 3 or more readmissions (AOR: 0.960), compared
to 0 readmissions. Females had decreased odds of 3 or more readmissions than men
(AOR: 0.862) compared to 0 readmissions. Other factors that decreased the likelihood
of 3 or more readmissions included having insurance types other than public, having a

81

median income of $64,000 or more, and living in a less populated rather than central,
populated areas. Number of chronic conditions increased the likelihood of 3 or more
readmissions, compared to 0 readmissions. Those with 6 or more chronic conditions
had 16.4 times higher odds of 3 or more readmissions compared to 0 readmissions. A
number of comorbidities independently increased odds of 3 or more readmissions
compared to 0 readmissions (alcohol abuse, deficiency anemia, congestive heart
failure, depression, diabetes with chronic complications, drug abuse, hypertension, and
psychoses). In addition, length of stay increased odds of 3 or more readmissions
compared to 0 readmissions (AOR: 1.015 per day increase) while those admitted on the
weekend versus weekday admission had increased odds of 3 or more readmissions.
Leaving the hospital against medical advice versus routine disposition also increased
odds of 3 or more readmissions compared to 0 readmissions (AOR: 3.885).
5.4 Conclusions
We set out to predict the largest group of readmissions: 1 to 2 a year. To do so,
we compared to 0 readmissions. We also predicted the high readmissions, those 3 and
above in a year. Our model, in general, was predictive. For instance, alcohol abuse,
drug abuse, and diabetes alone increased risk for 1 to 2 readmissions; number of
chronic conditions also increased the risk. Longer lengths of stay increased risk for
being in both the 1-2 and 3 or more readmissions groups. Similarly, the social
determinants of having public insurance and lower median income increased the risk of
being in one of the readmissions group over having another type of insurance and a
higher median income.
However, some results were not as hypothesized. Every year increase in age, for
example, results in lower odds of 1-2 and 3 or more readmissions. We suspected that
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as patients age, more health conditions would arise and complicate overall health for
people, and result in more hospitalizations and readmissions. This was hypothesized
because readmissions especially affect older adults due to the decline in functional
status affecting their quality of life and overall well-being.5 One likely explanation for this
opposite finding may be related to the fact that our sample was comprised mostly of
younger and middle-aged adults. There is an increasing view that middle age is a
pivotal period in the life course in terms of balancing growth and decline, linking earlier
and later periods of life, and bridging younger and older generations. Thus, in this age
range, increasing age may be associated with an increased focus on health promotion
and well-being, which can have a significant positive impact.66 Perhaps there is a
protective effect to a certain age, but then a switch from a negative slope to a positive
one, once adults cross the threshold of being older adults (i.e. 65 years and older).67
Future research in ambulatory care related readmissions among older samples are
urgently needed.
Of particular interest, females had lower odds of readmissions compared to their
male counterparts. Previous literature has not been clear on the role of sex. Some
analyses have shown that men are at higher risk of readmissions for all cause hospital
readmissions among non-older adult patients (e.g. Medicaid men have increased risk of
all-cause hospital readmissions).41 Other studies, such as one in an Italian Department
of Medicine, have shown that women have higher risk of readmissions.43
Another unexpected finding was that obesity reduced readmissions, that it was
protective. It would be expected that when a comorbidity, such as obesity, is present,
this compromises a patients’ overall health. With more health complications, we would
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expect more hospitalizations and readmissions. However, we found the opposite. This
observed protective effect is called the obesity paradox.68 A recent study published in
JAMA Cardiology has mentioned that the obesity paradox is an artificial phenomenon
due to lead time bias with the use of cross-sectional data.69 In this recent article, the
researchers used a life course perspective, which eliminated the lead-time bias and
showed that the obesity paradox did not hold true.69 In addition, it should be noted that
BMI, which is used to measure obesity, is a crude and flawed anthropometric biomarker
that does not take into consideration other important factors such as fat mass,
nutritional status, cardiorespiratory fitness, distribution of body fat, and other factors that
affect patients’ health risks. Other obesity measures such as “central or abdominal
obesity” measured using waist circumference are strongly associated with an increased
risk of type 2 diabetes, cardiovascular disease and death, even after controlling for
BMI.70, 71 Therefore, given the limitations of BMI as a measure of obesity, its effect on
readmissions may not be clear.69
The most surprising finding of this study is the role of disposition to a skilled
nursing, intermediate care, or other facility. For the 1-2 readmissions group, there were
increased odds of readmission, while the 3 or more readmissions group there
decreased odds of readmission, as seen in Table 5-2. There may be several
explanations accounting for our findings. First, it is possible that sending the 1-2
readmission patients to skilled facilities negatively impacted their health. We can
speculate that being away from their house and family can indeed worsen, instead of
improve their health conditions. Alternatively, location of disposition may not be as
relevant to readmissions as social support and the support of health maintenance are
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(e.g. if they did not have family at home or appropriate support to follow medical advice,
getting medications, etc.). In general, our findings support the importance of having
skilled healthcare personnel and settings to keep patients out of the hospital for those
patients who tend to be sicker and have more hospitalizations. However, this appears
not be the same for the 1-2 readmissions patients. More research is needed to further
elucidate the differences in patient subgroups as well as the potential characteristics
explaining such differences. For effective transition of care and prevention of
subsequent hospitalizations, guidelines recommend assurance of appropriate
disposition, e.g. to a skilled nursing facility.50, 65 In transition of care, it is important to
assure that patients are discharged to the appropriate location to prevent subsequent
admissions to the hospital.65 The Agency for Healthcare Research and Quality
(AHRQ)’s Hospital Guide to Reducing Medicaid Readmissions, specifically requires
staff to record patients’ disposition because it is a major factor in preventing
readmissions. 50
Though there were many strengths in this study, such as the large sample size
and the focus on ACSC-related readmissions, there are limitations to be noted. First, we
were limited in what variables we could analyze to predict readmissions. The NRD is a
nationwide database, and the database distributer, HCUP, has explained that sensitive
variables were excluded because they could be patient identifiers. This is a limitation
because these types of variables may be able to be more predictive of ACSC-related
readmissions, than the de-identified variables included.
Another limitation of this study is the inability to know whether the actual index
admission occurred in 2012 and if additional readmissions occurred in 2014. This is due
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to the fact that hospitalizations included in this dataset were strictly between January 1,
2013- December 31, 2013. For example, if a patient had an index admission on
December 25, 2012, and readmitted on January 10, 2013, the readmission would be
identified as the index admission. This type of coding was another protective feature
made by data distributor, HCUP, to protect patients by making un-linkable
hospitalizations from past and future years. Therefore, we may have lost some patients
in our analyses and we were not able to follow their behavior over time. We also do not
know if patients passed away in, for instance, 2014, due to readmissions in 2013.
For future directions, we recommend expanding the age range to include the
older adults, to see the true role of age in readmissions. We suspect that once people
reach the threshold of older adults, there will be a change in the role of age. In addition,
we recommend the use of other readmissions data sources to cover areas addressing
additional social determinants or other factors relating to health behavior before
hospitalizations (e.g. number of attended primary care clinic appointments). This may
include the incorporation of local electronic medical record (EMR) data that collects
more specific data. The use of EMR data would increase the variability in the type of
data analyzed. We also suggest incorporating a mixed methods approach (i.e.
qualitative data). EMR data is limited to how healthcare providers record information in
the health record, therefore, additional information collected from both patients and
providers can fill in these gaps.
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Figure 5-1. Sample selection of the 2013 NRD

Table 5-1. Weighted descriptive analysis of variables by readmissions group (0
readmissions, 1- 2 readmissions only, or 3 or more readmissions)

AGE
# CHRONIC COND
0
1
2
3
4
5
6 or more
COMORBIDITIES
ALCOHOL ABUSE
Yes

Number of Readmissions
0
1–2
3 or more
N= 1,373,395
N= 276,523
N= 4,038
48.8 ‘
49.8 ‘
45.5 ‘
40,817 (3.0%)
94,940 (6.9%)
133,780 (9.7%)
159,467 (11.6%)
168,465 (12.3%)
164,933 (12.0%)
610,993 (44.5%)

2,100 (0.8%)
7,976 (2.9%)
15,231 (5.5%)
22,441 (8.1%)
28,326 (10.2%)
32,675 (11.8%)
167,776 (60.7%)

23 (0.3%)
239 (2.6%)
517 (5.7%)
774 (8.6%)
1,012 (11.2%)
1,151 (12.7%)
5,328 (58.9%)

79,475 (5.8%)

18,741 (6.8%)

885 (9.8%)

P-value
<0.0001
<0.0001

<0.0001
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Table 5-1. Continued
Number of Readmissions
0
1–2
3 or more
N= 1,373,395
N= 276,523
N= 4,038
DEFICIENCY ANEMIA
Yes
CONGESTIVE HEART
FAILURE
Yes
CHRONIC
PULMONARY
DISEASE
Yes
DEPRESSION
Yes
DIABETES
UNCOMPLICATED
Yes
DIABETES WITH
CHRONIC
COMPLICATIONS
Yes
DRUG ABUSE
Yes
HYPERTENSION
Yes
OBESITY
Yes
PSYCHOSES
Yes
DISCHARGE MONTH
LENGTH OF STAY

P-value
<0.0001

249,860 (18.2%)

73,197 (26.5%)

2,760 (30.5%)
<0.0001

106,766 (7.8%)

34,306 (12.4%)

1,059 (11.7%)
<0.0001

260,417 (19.0%)

62,318 (22.5%)

1,716 (19.0%)

195,624 (14.2%)

47,655(17.2%)

1,657 (18.3%)

<0.0001
<0.0001
267,806 (19.5%)

61,168 (22.1%)

1,673 (18.5%)
<0.0001

116,050 (8.4%)

34,183 (12.4%)

1,128 (12.5%)

99,814 (7.3%)

28,490 (10.3%)

1,632 (18.0%)

686,511 (50.0%)

153,619 (55.6%)

5,286 (58.4%)

280,197 (20.4%)

55,471 (20.1%)

1,376 (15.2%)

103,732 (7.6%)
mid-June ‘
3.6 ‘

29,177 (10.6%)
June ‘
4.2 ‘

1,228 (13.6%)
June ‘
3.8 ‘

<0.0001
<0.0001
<0.0001
<0.0001
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<0.0001
<0.0001

Table 5-1. Continued
Number of Readmissions
0
1–2
3 or more
N= 1,373,395
N= 276,523
N= 4,038
ADMISSION DAY
Weekend
DISPOSITION
Routine
Transfer to short term
hospital
Skilled nursing,
intermediate care,
other facility
Home Health Care
Against medical advice
SEX
Female
INSURANCE
No charge
Other
Private
Public
Self-pay
PATIENT LOCATION
Central (>=1 million)
Fringe (outside
Central)
Metro area 1 (250,000
- 999,999)
Metro area 2 (50,000 249,999)
Micropolitan
Not metropolitan or
micropolitan
MEDIAN INCOME
$1 - $37,999
$38,000 - $47,999
$48,000 - $63,999
$64,000 - more

P-value
0.0009

328,794 (23.9%)

67,016 (24.2%)

2,403 (26.6%)

1,125,574 (82.0%)
8,827 (0.6%)

196,353 (71.0%)
2,180 (0.8%)

6,433 (71.1%)
46 (0.5%)

70,671 (5.1%)

20,840 (7.5%)

385 (4.3%)

132,576 (9.7%)
35,747 (2.6%)

43,239 (15.6%)
13,911 (5.0%)

1074 (11.9%)
1106 (12.2%)

733,974 (53.4%)

142,066 (51.4%)

4,328 (47.9%)

<0.0001

<0.0001
<0.0001
23,602 (1.7%)
68,499 (5.0%)
418,506 (30.5%)
693,349 (50.5%)
169,439 (12.3%)

3,341 (1.2%)
11,328 (4.1%)
55,277 (20.0%)
185,681 (67.1%)
20,897 (7.6%)

177 (2.0%)
379 (4.2%)
1,132 (12.5%)
6,588 (72.8%)
768 (8.5%)
<0.0001

383,823 (27.9%)
324,254 (23.6%)

83,033 (30.0%)
63,543 (23.0%)

3,699 (40.9%)
2,007 (22.2%)

258,422 (18.8%)

53,274 (19.3%)

1,658 (18.3%)

134,349 (9.8%)

27,398(9.9%)

713 (7.9%)

157,645 (11.5%)
114,902 (8.4%)

28,656 (10.4%)
20,619 (7.4%)

577 (6.4%)
389 (4.3%)

522,818 (38.1%)
377,798 (27.5%)
287,018 (20.9%)
185,762 (13.5%)

111,853 (40.4%)
76,016 (27.5%)
55,276 (20.0%)
33,378 (12.1%)

3,784 (41.8%)
2,425 (26.8%)
1,855 (20.5%)
980 (10.8%)

<0.0001

‘ Denotes Average

89

Table 5-2. Multivariate analysis of significant variables from univariate analysis,
predicting number of readmissions
AGE
# CHRONIC COND
0
1
2
3
4
5
6 or more
COMORBIDITY
ALCOHOL ABUSE
Yes
DEFICIENCY
ANEMIA
Yes
CONGESTIVE
HEART FAILURE
Yes
CHRONIC
PULMONARY
DISEASE
Yes
DEPRESSION
Yes
DIABETES
UNCOMPLICATED
Yes
DIABETES WITH
CHRONIC
COMPLICATIONS
Yes

0
REF

Number of Readmissions
1–2
3 or more
∆
0.992 (0.991-0.993)
0.964 (0.961-0.967) ∆

REF
REF
REF
REF
REF
REF
REF

REF
1.589 (1.475-1.712)*
2.133 (1.987-2.290)*
2.543 (2.371-2.727)*
2.960 (2.761-3.174)*
3.361 (3.134-3.605)*
4.154 (3.876-4.452)*

REF
4.611 (2.416-8.800)*
7.165 (3.806-13.491)*
9.224 (4.915-17.308)*
11.583 (6.178-21.714)*
13.720 (7.317-25.727)*
16.493 (8.805-30.894)*

REF

0.990 (0.964-1.016)

1.229 (1.101-1.371)*

P-value
<0.0001
<0.0001

0.0007
<0.0001
REF

1.286 (1.266-1.305)*

1.579 (1.470-1.695)*
<0.0001

REF

1.240 (1.214-1.266)*

1.363 (1.231-1.508)*
0.1415

REF

1.010 (0.994-1.026)

0.940 (0.867-1.019)

REF

1.037 (1.018-1.056)*

1.149 (1.054-1.253)*

0.0001
<0.0001
REF

1.036 (1.019-1.054)*

1.027 (0.943-1.119)
<0.0001

REF

1.065 (1.043-1.088)*
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1.180 (1.065-1.307)*

Table 5-2. Continued
0
DRUG ABUSE
Yes
HYPERTENSION
Yes
OBESITY
Yes
PSYCHOSES
Yes
DISCHARGE MONTH
LENGTH OF STAY
ADMISSION DAY
Weekend
DISPOSITION
Routine
Transfer to short term
hospital
Skilled nursing,
intermediate care,
other facility
Home Health Care
Against medical
advice
SEX
Female

Number of Readmissions
1–2
3 or more

REF

1.192 (1.166-1.218)*

REF

0.972 (0.958-0.986)

∆

1.222 (1.139-1.311)*

REF

0.768 (0.756-0.781) ∆

0.595 (0.544-0.651) ∆

REF
REF
REF

1.116 (1.092-1.141)*
0.974 (0.972-0.975) ∆
1.043 (1.040-1.045)*

1.344 (1.222-1.477)*
0.960 (0.951-0.968) ∆
1.015 (1.003-1.028)*

REF

1.037 (1.022-1.053)*

1.091 (1.017-1.171)*

P-value
<0.0001

1.574 (1.446-1.714)*
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001

REF
REF

REF
1.304 (1.210-1.404)*

REF
1.090 (0.721-1.647)

REF

1.101 (1.072-1.130)*

0.727 (0.622-0.849) ∆

REF
REF

1.353 (1.327-1.379)*
2.143 (2.077-2.211)*

1.090 (0.983-1.210)
3.885 (3.518-4.290)*

REF

0.957 (0.945-0.970) ∆

0.862 (0.808-0.920) ∆

<0.0001
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Table 5-2. Continued
0
INSURANCE
No charge
Other
Private
Public
Self-pay
PATIENT
LOCATION
Central (>=1 million)
Fringe (outside
Central)
Metro area 1
(250,000 - 999,999)
Metro area 2
(50,000 - 249,999)
Micropolitan
Not metropolitan or
micropolitan
MEDIAN INCOME
$1 - $37,999
$38,000 - $47,999
$48,000 - $63,999
$64,000 - more

REF
REF
REF
REF
REF

Number of Readmissions
1–2
3 or more
0.659(0.622-0.698) ∆
0.735 (0.714-0.758) ∆
0.623 (0.613-0.633) ∆
REF
0.597 (0.583-0.612) ∆

P-value
<0.0001

0.694 (0.541-0.890) ∆
0.659 (0.568-0.763) ∆
0.382 (0.346-0.422) ∆
REF
0.541 (0.482-0.607) ∆
<0.0001

REF
REF

REF
0.983 (0.966-1.001)

REF
0.790 (0.726-0.860) ∆

REF

0.957 (0.940-0.975) ∆

0.742 (0.681-0.809) ∆

REF

0.968 (0.946-0.991) ∆

0.625 (0.554-0.705) ∆

REF
REF

0.863 (0.842-0.884) ∆
0.856 (0.832-0.881) ∆

0.443 (0.383-0.512) ∆
0.458 (0.386-0.543) ∆

REF
REF
REF
REF

REF
0.987 (0.971-1.003)
0.967 (0.950-0.984) ∆
0.937 (0.917-0.958) ∆

REF
0.996 (0.921-1.078)
0.977 (0.897-1.064)
0.863 (0.775-0.962) ∆

<0.0001

∆

Denotes Decreased Risk
* Denotes Increased Risk
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CHAPTER 6
CONCLUSION
Readmissions in the United States is a top priority because hospitals with
excessive readmissions receive reduced payments from the Inpatient Prospective
Payment System (IPPS) and may incur penalties.3 In the 2017 fiscal year, $528 million
was not given to hospitals. According to the Kaiser Health News’ analysis of Centers
for Medicare and Medicaid Services (CMS) data, $564 million will be withheld for fiscal
year 2018, which is an increase from 2017.1 To add to the fiscal consequences facing
hospitals due to readmissions, 2,573 hospitals will face penalties in fiscal year 2018. 1
Rehospitalizations put patients at additional risk for poor health outcomes. The
30 days after a hospitalization is considered to be the most vulnerable period for a
rehospitalization, or readmission, due to factors such as lack of familial or similar social
support and unresolved pain and slow healing.7 Patients may get frustrated, and may
neglect warning signs, eventually leading these patients back to the hospital. This cycle
of readmissions can reoccur and can have emotional and mental impacts on patients. In
addition to these discomforts, being in the hospital exposes patients to higher risks of
health care-associated infections, excess mortality and higher costs to the economy. 8
Also, when patients readmit to the hospital, there are implications related to quality of
care. One implication may be that the quality of care during the index hospitalization
was not appropriate. For instance, future care plans may have been insufficient. 7
With the current urgency to study readmissions, there are studies and initiatives
focused on readmissions, but there are many gaps in the current research. First,
readmissions predictive tools have been validated and are widely used such as the
HOSPITAL score, LACE index, LACE+ index, and the readmission risk score.11, 12
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These scores include inpatient factors (e.g. length of stay, acuity, and emergency
department use) and health status factors (e.g. comorbidity of patient and age). Yet
these predictive tools still have weaknesses. A study comparing the 4 tools and their
abilities in predicting patients’ readmissions concluded moderate performance with cscores of 0.66-0.68.14 The interpretation of these scores is that the models did not
include some of the important predictors of rehospitalization.
Next, the readmissions literature describes the importance of appropriate
transition of care (i.e. disposition) to prevent readmissions to the hospital. 50, 65 A step
further than disposition is maintenance of patients’ health in the primary care setting in
order to prevent readmissions. Yet, the role that primary care plays in preventing
readmissions and maintaining patients’ health is not known, as recently described by
the Agency for Healthcare Research and Quality (AHRQ).2 AHRQ stated that though
there are readmissions tools and initiatives, they heavily focus on factors in the inpatient
setting- not on the clinical setting the patient used before and after the inpatient
episodes.
Another gap in the readmissions literature is identifying factors related to
preventable readmissions. Some readmissions analyses have reported that a proportion
of readmissions are, indeed, preventable.4 Preventable readmissions or
hospitalizations, can be related to ambulatory-care sensitive (ACS) diagnoses.
Ambulatory-care sensitive conditions (ACSC) are defined as conditions with diagnoses
for which effective and timely outpatient care can help to reduce the risks of
hospitalizations, and therefore readmissions, by preventing acute illness and managing
chronic conditions.63 Clearly, ACSCs are related to ambulatory care modifiable factors.
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What happens in the clinic may be most important, especially as it related to the
ACSCs.
The last gap in the readmissions literature is the characterization of the 1-2
readmissions per year population. Studies of readmissions have predominantly focused
on characterizing the high readmitting population (3 or more readmissions per year)
compared to others, as well as analyzing readmissions as one continuous outcome. 4
Surprisingly, this 1-2 readmissions per year group contribute most to the total number of
readmissions but have generally been ignored. A prominent prevention epidemiologist
has called for recognition that it is not the outliers who drive trends in public health, but
rather the people who are more central to the distribution of outcomes.72 This
dissertation followed the wisdom to explicate modifiable factors affecting readmissions.
In order to add to the readmissions literature, this dissertation attempted to
address these important gaps. To address these important gaps, we created the OHIS
theoretical model (Figure 1-4) to help inform all 3 studies. While there are many gaps in
the readmissions literature, the principal focus of this dissertation was to identify primary
care relevant factors in readmissions. To do so, first, we created a readmissions
predictive tool for primary care using data from a local sample of family medicine
department patients. Second, we characterized the 1-2 readmissions population among
a local sample of family medicine department patients. Third, we characterized the 1-2
ambulatory care sensitive readmissions population among a nationally representative
sample, using the Nationwide Readmissions Database (NRD). In addition, to inform our
quantitative findings of this dissertation, a few qualitative interviews were conducted to
help enrich our understanding of readmissions with the patient perspective.
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6.1 Main Findings
The results of Chapter 3 (creation of a readmissions predictive tool for primary
care), showed that our OHIS theoretical model was correct in the assignment of items to
certain factors. The items that were chosen for their respective constructs or factors (as
defined by the OHIS theoretical model), “hung” together in the EFA. In addition, the EFA
was successful in reducing the number of items from 23 to 16. Our findings are unique
because this is the first study to our knowledge that attempts to create a readmissions
predictive tool for primary care. Also, this is the first study to our knowledge that
incorporates outpatient behavior (e.g. cancelled clinic appointments) and detailed social
determinants (e.g. whether someone lives at home with the patient) in readmissions
research. This EFA and subsequent CFA were first steps. While the CFA yielded a poor
fit to a second sample of data, our results point to the importance of continuing to
investigate the role that outpatient behavior and detailed social determinants play in
readmissions.
In Chapter 4 (characterization of the 1-2 readmissions population among a local
sample of family medicine department patients), we tested whether the variables of the
OHIS theoretical model predicted 1-2 readmissions. In terms of outpatient behavior, we
found that number of phone encounters was significant in predicting 1-2 readmissions.
However, increased phone encounters predicted increased odds for 1-2 readmissions,
compared to 0 readmissions, which was opposite than hypothesized. We suspected
that the phone encounters were not just between the patient and primary clinic, but also
between patient and other clinics within the same health system. We also found that
cancelled clinic appointments were significant in predicting 3 or more readmissions.
Therefore, this finding provides evidence that these behaviors may be useful in clinics to
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potentially prevent patients from becoming high readmitters (i.e. 3 or more
readmissions). Another novel finding was being on 2 or 3 high risk medications (i.e.
diabetic, opioid, anticoagulant) was predictive of increased odds of 1-2 readmissions,
compared to 0 readmissions. This is the first study to our knowledge that investigates
the role of high-risk medications and their relationship to readmissions. We also tested
whether gait/transferring score predicted 1-2 readmissions, which resulted in those with
impaired gait compared to normal gait had increased odds of 1-2 readmissions
compared to 0 readmissions. Therefore, outpatient behaviors, number of high risk
medications, and gait/transferring score may be areas that can be monitored and could
be the focus of interventions to prevent patients from having the first readmission.
Chapter 5 yielded generalizable findings, because it was an analysis of a national
sample of hospitalizations and readmissions. We analyzed the factors predicting ACSCrelated readmissions, and many of them were predictive of 1-2 readmissions. One
surprising finding was for every year increase in age, there was a lower odds of 1-2
readmissions, compared to 0 readmissions. This was opposite of what we
hypothesized; however, this finding may be due to the younger and middle-aged adults
included in the sample (18-64 years of age). We suspect that had we replicated the
study in a sample enriched with in older-aged adults, we would have found an increased
odds of 1-2 readmissions. We also found that the presence of obesity comorbidity had a
protective effect for 1-2 readmissions. This falls in line with the obesity paradox, though
a recent study published in JAMA Cardiology mentioned that the obesity paradox is an
artificial phenomenon due to lead time bias with the use of cross-sectional data.69 The
most surprising finding of this analysis was the role of disposition to a skilled nursing,
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intermediate care, or other facility. For the 1-2 readmissions group, there were
increased odds of readmission based on this disposition, while in the 3 or more
readmissions group there were decreased odds of readmission. We suspect that
sending the 1-2 readmissions patients to skilled nursing facilities can negatively impact
their health, because being away from home may worsen conditions rather than
improve conditions, and because they may be exposed to additional hospital infectious
agents, or may have another detrimental exposure. However, these patients also have
been more likely to readmit under this disposition because of their home situation. They
may have been unable to be discharged home due to lack of resources to sustain their
health in that environment (e.g. no power when need oxygen delivered) or due to lack of
caregiving or support in their homes. More research is needed to understand the role of
disposition and its relationship to risk of readmission.
Interestingly, Chapters 4 and 5, though using different data sources, yielded an
important finding: there are distinct differences between the 0 readmissions group vs. 12 readmissions group, and the 0 readmissions group vs. the 3 or more readmissions
group. This dissertation sought out to identify characteristics of the 1-2 readmissions
group and posed that this distinct group may have different characteristics compared to
the other readmissions groups. Since different characteristics were identified, further
study on these characteristics are needed because these may reveal points of
intervention.
To provide an additional enriched understanding to this exploration of the factors
relevant to rehospitalization of the 1-2 readmission group, I conducted a few qualitative
interviews of patients whose characteristics matched our readmission group. Many
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themes emerged from the interview such as the role of social support, the relationship
with healthcare, trust in primary care doctor, patient-doctor communication, scheduling,
presence of pain, normalcy of conditions/pain, and the desire to find a solution. One
participant mentioned throughout the interview the importance of social support from his
wife, daughter, and church. For instance, he stated that the church was the site of
caregiving that helped him make it to the hospital, “The paramedic at church called the
ambulance to me. I was at church when it [chest pains] started.” When asked about
having help getting around the house or errands, the participant revealed that he and
his wife lived with their daughter and her family. Another participant spoke about the
help she receives when she is not feeling well or needs help with anything. She stated,
“My aunt that I live with has been very helpful. My son lives in Ocala. And I have
another friend, and she helps me too…Well, I have a very good church family. My
church family is more than my real family. I only have one child, my son, who lives in
Ocala. And he’s busy, you know, he’s 31 and they all got 2 kids and he’s busy. So I
don’t rely on him too much because it makes him feel bad when they tell me that they
can’t come and help. I find it best to use him as a last resort. But, I get around okay.”
One participant also spoke about his relationship with healthcare. At first, he
described the staff (i.e. nurse) during his most readmission as being “good.” Then later
in the conversation, when we asked about his one wish about his readmission, he
revealed that he actually had a negative experience during his stay at the hospital.
Particularly he stated “That maybe they wouldn’t have bruised me up so bad.” Then he
continued to say “…they was drawing blood. They was trying to start an IV and blew a
vein. My arms been black and blue ever since.” He expanded, “Yeah, the vein bruised.
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And uh, then uh, when they draw some blood, and I’ve never bruised like that before.”
With the participant’s explanation of his negative readmission experience, a subtheme
of trust in primary care doctor emerged. When talking about his vein, he referred to his
follow-up appointment after his readmission and said, “Yeah, they took my blood
yesterday and they didn’t leave no bruise when they took the blood.” Though the
participant expressed his preference and trust in his primary care doctor over the
hospital through saying, “I hate the hospital with a passion!,” he still expressed some
issues. Particularly, here is where the theme of patient-doctor communication emerged.
The participant stated, “Uh, they… They examined me, and count my medicine, but I
don’t know.” Then he continued, “They didn’t give me no pain medicine. And uh,
(muffled), they can’t find out what’s wrong… And I’m passing blood in my urine.” He
then said, “Yeah, they’re trying to figure out what’s causing it, but they had no idea.
They done run all of the tests.” Another participant talked about how he felt that the
doctors were not doing their jobs, expressing some distrust. He stated, “You know,
people are not doing their jobs. They are not taking care of patients. I think, sometimes,
they have too many patients. They don’t answer call when they should because they
are trying to take care of eight or ten patients. And it’s just, you know, it was a bad stay.
It was a bad time.” He also stated that he hated going to the hospital but follows the
clinic’s recommendations to go to the hospital when told to do so. He stated, “I’m tired of
going to the hospital. But every time for the last three months, the clinic calls me and
says you need to go to the hospital, you need to go to the hospital. Quite naturally, with
my health problems, they are going to keep me. I know every time that I go to the
hospital, they are going to keep me. Another participant reported having a lot of trust in
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her doctors at Shands. She stated, when talking about her back doctor, “I thought he
was just being kind of mean, you know. But as I looked into it I realized that he was just
protecting me as well as himself. So, you know, he wants what's best for me.” When
talking about her other doctors she also seems to trust them. She stated, “But the whole
goal of the doctors and myself is to get me mobile again and, you know, healthy. So I
understand that they're helping me and they want to help me. They want what's best for
me. I switched all my doctors, now, all of them. I switched over to Shands so I don't
have a doctor here and a doctor there. I go to East Side to the clinic now; I have my
general doctors there. My orthopedist is with you guys, my neurosurgeon is with you.
Everybody's with you and the continuity of care is so much better because everybody
knows what they are, they're all the same page. They what’s going on. They can go in
the computer, pull up everything that anybody else has ever done for me and look at it
and know you know, ‘Oh I see here they're doing this.’ It’s just, it's a good feeling.”
The conversation about one of the participant’s most recent primary care doctor
visit, revealed scheduling issues at the clinic. When asked if they scheduled a follow-up
appointment to figure out what was going on with the blood in the urine, he revealed,
“Well, the doctor wanted to see me in 2 to 3 weeks, but I didn’t have my appointment
scheduled. (Muffled) My wife was at the desk and they said we’ll just leave it for May the
2nd. It didn’t bother me too much.” Another participant revealed that he does not like how
he does not get to see the same doctor each time he goes to the clinic, due to
scheduling. He stated, “I get to see my new doctor on the 24 th. If I can’t see her every
time that I go to the clinic, I’m not going. I’m just going to try to schedule my
appointment to see her when she’s in the clinic. And if I can’t do that then I’m going

101

private because I’m getting older and it’s disgusting. One doctor says one thing and
another tells another one.” Another participant stated that she preferred going to the
primary care clinic, however, mentioned issues about times the clinics were open. She
stated, “Well, I prefer go into primary care if I can get to them and if they are open. I
prefer to, first, go there before I go to the hospital. But I know myself pretty well and I
can pretty much tell whether I’m going to be hospitalized.”
The theme of pain also emerged in the conversations. First, one participant
mentioned his index hospitalization reason being chest pains that he felt while in
church. He then revealed that he had pain during his readmission. He stated, “It felt like
a, um, a dull pain. It was there all the time, except it was a little bit of both…Uh, my legs
and back.” Then a subtheme of normalcy of condition/pain emerged. He described that
he had chronic pain, “But I still have…the pain. Well, I have chronic back pain and knee
issues. [The chronic back pain] Since 2002…That’s when I messed up my back. Yeah,
but now I’ve got, I’ve got my sides hurting, my knee, everything’s hurting real bad now.”
Also when asked whether he thought that the readmission could have been prevented
by listening to warning signs, such as his body not feeling right. He answered with a
stern “no!” His reasons was, “Because… (pause) I’ve always got a little chest pain. I’ve
always had other pain.” Another participant spoke about his arthritis and identified that
this pain was something he’s been having for a while and that there was not much that
could be done for it. He stated, “Well, I have chronic arthritis. You know, it’s gonna hurt.
There’s not too much they can do. You know, it’s just something you have to tolerate.
I’m going to a Shands back doctor at orthopedics so we’ll see what happens going
through physical therapy and everything. So hopefully they can help get it to where I’m
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not in so much pain.” Another participant talked about her pain, and how pain was the
reason why she would go to the hospital. She stated, “I'm in so much pain that going to
the clinic is really not going to help. I have to go to the ER. You know, going to the clinic
and sitting there when I was in excruciating pain, is just, I can't do it. So, that’s usually
when I end up going straight to the ER.”
One of the participants seemed to blame the quality of care for his readmission.
“I….I wished … (pause). That they could find out what is causing all of these problems.
Well, I have chest pains that they can’t seem to figure out. I had diarrhea, just this last
time, I had diarrhea for a week. And throwing up for almost a week. And I had been to
the doctor and I still… I had started to get a little bit better, and then I passed out and I
was dehydrated. So times I wished they found out what’s going on with my body.”
Though it was clear that even with some issues with the communication with doctors,
the participant still trusts in his primary care doctor, and is hopeful that they would find
out what is wrong with him. Another participant also talked about the quality of care he
received in the hospital. He stated, “Yes, yes, yes. The doctors are teaching the
students. They let my, uh, water, let me gain over 15 pounds in five days. I was really
upset about it. I said here you are teaching these students but yall come in here every
day and can’t see a weight gain. When I’m on the outside, if I gain over 3 pounds the
clinic is on it. So what are y’all going to do? Let me sit in the hospital and gain all of this
weight?” Another participant talked about the excellent care she received from her
doctor and appreciated the honesty he gave her. She stated, “I believe he can fix me or
at least where I can have some quality of life. This is the first step. You know, when we
were going into it he told me, and I like that he's honest with me… ‘You know Ms. XXX
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I'm not happy with what I did. I'm not happy with the outcome. I wasn't able to do what I
had to do.’ And actually he felt like he let me down because he did not do what we had
both talked about doing. And I said, ‘Whoa, what doctor does that?’ Almost all doctors
think they are God, and he didn’t do that with me.”
The themes that emerged from the qualitative findings relate back to the OHIS
theoretical model. Outpatient behaviors was represented through the themes of clinic
scheduling and relationship with healthcare. Health status was represented by the
theme of pain. Inpatient factors was represented by the theme of quality of care. Social
determinants was represented by the theme of social support. These themes are also
interrelated to one another, particularly the inpatient and outpatient factors, which show
how the community and hospital settings interact with one another, as the larger forces
contributing to the outpatient behaviors, health status, inpatient factors, and social
determinants constructs.
Overall, this dissertation provided evidence that the components of the OHIS
theoretical model predict readmissions. This is the first investigation incorporating
outpatient behaviors, specific health status factors (e.g. number of high-risk medications
and albumin), specific inpatient factors (e.g. gait/transferring score), and detailed social
determinants of health (e.g. whether someone lives with the patient at home, in the
same predictive model. Given our findings, primary care clinics might benefit from
monitoring outpatient behaviors and inquiring into the patients’ social determinants of
health. Factors related to outpatient behavior and some social determinants may be
points of intervention, to prevent any readmissions. Chapter 5 provided novel evidence
for the 1-2 ACSC readmissions group. This is the first study to our knowledge to solely

104

look at ACSC-related readmissions as well as characterize the 1-2 readmissions
population, in a nationally representative sample.
When reflecting on the findings of the quantitative and qualitative studies, there
are some overlap and important lessons learned. First, social support came through in
the interviews. We also saw that this factor was relevant in the findings of Chapter 3,
with marital status and someone living with patient as factors that hung together in the
EFA. However it should be noted, that whether social support had a positive or negative
effect on whether a participant was rehospitalized or not, needs to be further explored.
Next, the relationship with healthcare theme (particularly the subtheme of trust in
primary care doctor) and scheduling theme inform the quantitative findings of Chapters
3 and 4. Specifically, Chapter 3’s EFA showed that cancelled appointments, attended
appointments, and phone encounters hung together. We hypothesize that because the
participant described trust in his primary care doctor and his preference for seeing his
primary care doctor (over going to the hospital), it is likely that appointments to the
primary care clinic would be made and kept. Here, the theme of scheduling is important
to note, because scheduling and communication barriers with the primary care clinic
can be points of intervention for preventing readmissions.
Lastly, the presence of pain somewhat explained the findings from all 3 analyses.
For Chapter 3, number of high-risk medications was significant in the EFA. One of the
medications included in this categorization of high-risk medications was opioids, which
are used for pain. Also in Chapter 3, the Morse Fall score, gait/transferring score, and
level assistance needed, all hung together and highly loaded on a factor in the EFA.
These mobility items are related to functioning and can also be related to pain. Patients
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who confront pain may have reduced mobility. In Chapter 5, an increasing number of
chronic conditions and a variety of comorbidities were significant in predicting 1-2 and 3
or more readmissions. These variables can also be related to pain, because many
symptoms of these comorbidities can be associated with pain. Additionally, as chronic
comorbidities increase, it is also likely that pain increases. This can be a function of
less ability to exercise or can be directly related to the illnesses.
The OHIS theoretical model proved to be helpful in guiding our 3 aims. The main
construct in the model that specifically proved to be an area of high importance was
outpatient behavior, a factor that has been neglected in other models. While our findings
will need to be replicated, the findings from each of the 3 aims, and from the patient
interviews, leant support to the importance of the inclusion of outpatient behavior when
modeling readmissions. Future research can continue to refine the OHIS model in
predicting readmissions among primary care patients.
The findings of this dissertation, through the OHIS model, were able to shed
some light on factors that should be studied for readmissions. For example, patients’
access to medication and transportation issues need to be recorded and resolved to
make some impact on readmissions. Most importantly, through the OHIS model, the
importance of bridging outpatient (i.e. outpatient behaviors construct) and inpatient (i.e.
inpatient factors construct) are important in making an impact on readmissions.
Fragmentation between hospital and community care need to be reduced.
6.2 Strengths and Limitations
This dissertation is the first to incorporate outpatient behaviors, specific health
status factors (e.g. number of high risk medications), specific inpatient factors (e.g.
gait/transferring score), and detailed social determinants of health (e.g. whether
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someone lives with the patient at home) when analyzing readmissions. In addition, it is
the first study to solely look at ACSC-related readmissions as well as characterize the 12 readmissions population, in a nationally representative sample. Also, due to the local
component of this dissertation, we were able to add a few qualitative interviews. This is
a strength because we were able to better inform our quantitative findings.
Though this dissertation had many strengths there were weaknesses that must
be noted. First, the data used in Chapters 3 and 4, were from 1 academic family
medicine department in the Southeast US. This is a limitation because the findings of
this study may not be generalizable to all family medicine departments in the US. Also,
the designs of the studies were cross-sectional. For Chapter 4, we could not predict
readmissions over time. For example, we could not analyze whether a patient was
already readmitting before the study period (before January 1, 2015) or continued to
readmit or passed away after the study period (after December 31, 2016). This was also
a limitation in the Chapter 5 data. The distributor of the NRD made the data un-linkable
from year to year, as a protective feature. For example, if a patient had an index
admission on December 25, 2012, and readmitted on January 10, 2013, the
readmission would be identified as the index admission. We may have lost some
patients in our analyses and we were not able to follow their behavior over time.
Another limitation in Chapter 5’s data was the limitation in the type of variables included.
The NRD excluded sensitive variables that could be used to identify patients. However,
these variables may be more predictive of readmissions than the variables provided in
the NRD.
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6.3 Future Research
Near future research to be done is the completion of 12 qualitative interviews.
These 12 interviews will be analyzed as a whole to better inform the current quantitative
findings as well as future quantitative research. Interpretation of our results is limited
because of the local data we used; future research could extend the sample to other
academic family medicine departments and, eventually to other types of primary care
departments such as general internal medicine and pediatrics. This will help ensure the
findings are generalizable. We also suggest the addition of collection of more specific
social determinants of health data such as concerns about transportation and problems
of accessing medications. While we intuitively know that such barriers can be
associated with readmissions, hospital intakes do not routinely gather such important
individual barriers to disease and illness self-management. We also suggest that future
research look at subpopulations of adults, specifically those 65 years of age and older
(i.e. older adults). We suspect that once people reach a certain age threshold, the
predictors of readmissions may change. Another future direction could be a longitudinal
analysis of patients who readmit. With the limitations of the time frame, we could not
see the true effect that the tested variables had on the outcome of readmissions.
In addition, we suggest additional examination of outpatient behaviors and their
relationship to readmissions. Once the role these variables are better understood,
simple interventions can be done at a local clinic setting, to see whether monitoring and
affecting these outpatient behaviors indeed reduce the odds of readmissions. A pilot
study on this type of intervention can help elucidate the role primary care has in keeping
patients healthy. It can also elucidate the role primary care has in preventing
readmissions, a gap that has yet to be filled. Based on these pilot studies, a multisite
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intervention through primary care could then be implemented. The public health benefit
of such an intervention would be large. The decrease in or end of negative
consequences for public and academic hospital systems would also be an important
positive consequence of such work.
Lastly, it is important and suggested to further bridge the communication gap
between the inpatient and outpatient setting. If further research identifies the role of the
outpatient clinic, but information from the inpatient side does not communicate
information to the outpatient clinic, then there would be no to very minimal impact on
readmissions. For example, inpatient teams are informed of patients who have
readmitted a week later after the events have happened. Though it is important to
retrospectively discuss these patients to try to avoid the readmissions, a more effective
approach would be to prevent the readmissions from happening. The only way that this
would be achievable would be by repairing the fragmentation of care between the
outpatient and inpatient settings. This bridging of fragmentation is visually depicted in
the OHIS model of this dissertation. We suggest that the OHIS theoretical model be
further studied and refined, because it includes both outpatient and inpatient related
variables as well as variables which identify bridges between the settings. We suggest
that the OHIS theoretical model be used to help inform intervention studies because it
can serve as a reminder to continue to increase communication between the two
fragments of care: the outpatient and inpatient settings.
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