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ABSTRACT
The purpose of this research is to inform the understanding of mental health readmissions
by identifying associations between individual and environmental attributes and readmissions,
with consideration of the impact of time-to-readmission within the Veterans Health
Administration (VHA). Mental illness affects one in five adults in the United States (US). Mental
health disorders are among the highest all-cause readmission diagnoses. The VHA is one of the
largest national service providers of specialty mental health care. VHA's clinical practices and
patient outcomes can be traced to US policy, and may be used to forecast national outcomes
should these same policies be implemented nationwide.
In this research, we applied three different data mining techniques to clinical data from
over 200,000 patients across the VHA. Patients in this cohort consisted of adults receiving VHA
inpatient mental health care between 2008 and 2013. The data mining techniques employed
included k-means cluster analysis, association-rule mining, and decision tree analysis. K-means
was used during cluster analysis to identify four statistically distinct clusters based on the
combination of admission count, comorbidities, prescription (RX) count, age, casualty status,
travel distance, and outpatient encounters. The association-rule mining analysis yielded multiple
frequently occurring attribute values and sets consisting of service connection type,
diagnoses/problems, and pharmaceuticals. Using the CHAID algorithm, the best decision tree
model achieved 80% predictive accuracy when no readmissions were compared to 30-day
readmissions. The strongest predictors of readmissions based on this algorithm were outpatient
encounters, prescription count, VA Integrated Service Network (VISN), number of
comorbidities, region, service connection, and period of service. Based on evidence from all
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three techniques, individuals with higher rates of system-wide utilization, more comorbidities,
and longer medication lists are the most likely to have a 30-day readmission. These individuals
represented 25% of this cohort, are sicker in general and may benefit from enrollment in a
comprehensive nursing case management program.
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CHAPTER I: BACKGROUND AND SIGNIFICANCE
Introduction
Nursing research is the systematic study of nursing problems and phenomena in practice
through creative mechanisms of inquiry (Kalisch & Kalisch, 2004, p.385). Nursing research may
bridge multiple disciplines in order to ensure that the best care is being delivered at the right
time, in the right setting, and to the right patient (Kalisch & Kalisch, 2004; Meleis, 2011). In this
study, we explored how our current standards of care may be failing to meet the needs of
mentally ill individuals as manifested by inpatient mental health readmissions within the
Veterans Healthcare Administration (VHA). The purpose of this research is to inform our
understanding of mental health readmissions by identifying associations between individual and
environmental attributes and readmissions, with consideration of the impact of time-toreadmission within the VHA.
From a healthcare system perspective, nurses and the care they provide are what connects
the individual to the healthcare environment (King, 1992). Nurses are responsible for not only
the meticulous observation and assessment of the individual’s needs, but also the mediation of
the immediate and remote environmental influences that affect the individual’s health outcomes
(King, 1992). For this reason, we used Bronfenbrenner and Ceci’s (1994) Bioecological Model
to guide our study design. The Bioecological Model yields a simplified representation of the
transformative interactions that take place between the individual and the environment, which in
healthcare are the transactions between the patient and the healthcare system. The Bioecological
Model serves to explain how qualities of the individual and the environment work together to
generate the outcomes we are able to observe in practice. In addition to using the Bioecological
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Model to explain the process behind mental health readmissions, we chose to determine
associations between individual and environmental attributes and readmissions by using a data
science technique, known as data mining. Data mining is a novel approach in nursing science,
which we believe will help to expedite the translation of our findings for use in nursing practice
(Almasalha et al., 2013). This chapter will explain the history of the problem, review the
literature, and present our research proposal.
Background
One in five adults suffer from mental illness. There are approximately 43.8 million adults
in the United States who are currently diagnosed with one or more mental health disorders
(Substance Abuse and Mental Health Service Administration [SAMHSA], 2013). The
Department of Veterans Affairs, Veterans Healthcare Administration (VHA) is one of the largest
integrated and specialized mental health service providers in the United States. Over one million
veterans of the approximately eight million veterans served by VHA are diagnosed with at least
one mental health problem (Petrakis, Rosenheck, & Desai, 2011; Department of Veterans Affairs
[VA], 2014). The proportion of veterans within VHA with a dual-diagnosis of a mental health
and substance use disorder is over 10% greater than the national average (Petrakis, Rosenheck, &
Desai, 2011; SAMHSA, 2013). Evidence of maladaptive utilization patterns within VHA,
characterized by frequent attrition from care and readmissions, have been captured by the
literature and continue to remain problematic despite significant organizational change over the
last decade (Goldberg & Resnick, 2010; Bowersox, Szymanski, & McCarthy, 2013; Pfeiffer et
al., 2012).
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The etiology of mental illness is characterized by a complex interaction between the
individual and the environment. Vulnerability to mental illness can fluctuate across the lifespan.
Predisposition to mental illness is often genetically driven, and the clinical presentation of mental
illness is often the product of gene-environment interactions over time (Leigh, 2010;
Bronfenbrenner & Ceci, 1994). In this study, we sought to determine which attributes of the
environment and individual are associated with mental health readmissions through electronic
health record (EHR)-based phenotyping.
Phenotypes are the observable qualities of the individual or outcomes, such as the
development of a disease or symptoms, that result from gene-environment interactions (Okura et
al., 2005). In healthcare, these qualities are assessed and documented by nurses in the EHR. The
way in which this data is collected is influenced by the healthcare system and the technology
being used. For this reason, descriptors of clinical presentation recorded in the EHR, herein
referred to as attributes, are biased (Richesson et al., 2013). Groupings of attributes are referred
to collectively as a phenotype. A readmission phenotype, for example, would consist of all of the
attributes that were found to be associated with the readmission event (Richesson et al., 2013;
Hripcsak & Albers, 2012). The phenotypes (EHR-based phenotypes) identified from clinical data
are indirect reflections of clinical presentation, as the available attributes for phenotype
construction have been filtered through the lens of the healthcare system and its data collection
processes (Hripcsak & Albers, 2012). In EHR-based phenotyping, the goal is to identify
attributes or attribute combinations that can be linked to or associated with clinically significant
outcomes (Richesson et al., 2013). In our study, we used three different data mining techniques
to determine associations between individual and environmental attributes, as differentiated
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based on the Bioecological Model, and the clinically significant outcome of mental health
readmissions. We will be constructing EHR-based phenotypes to augment the information
collected by nurses through direct observation to assess for readmission risk.
One of the top priorities of The National Institute of Mental Health is determining how
mental illness develops and progresses. They advise employing techniques that reveal how
individual-environment interactions alter genetic expression over time as manifested by changes
in observable phenotypes (The National Institute of Mental Health, np). In our approach, we
sought to define individual and system or environmental contributions to the etiology and
progression of mental illness through EHR-based phenotyping. The benefit of using this
approach is that it allows us to access data from nearly the entire population. It is not feasible to
study an entire population through direct observation (Hripcsak & Albers, 2012). EHR-based
phenotyping is distinct from traditional clinical records review as its intent is association finding
versus fact-finding. Due to the inherent and immense bias of the healthcare system on how and
which data are collected, this approach cannot be used to determine causation (Richesson et al.,
2013). In this endeavor we sought to determine which attributes of the individual and the
environment are clinically meaningful to the development of 0/No-readmission, 5-year, 1-year,
and 30-day readmission phenotypes. We hope to further use our discoveries to build models to
predict readmission risk and personalize interventions.
The data-driven approach for this study utilizes both nursing and informatics techniques
and principles. In medical informatics, phenotyping is the first step of attribute identification
from raw data (Hripcsak & Albers, 2012). In this study, we employed EHR-based phenotyping
to determine the individual and environmental attributes associated with readmissions, which
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take place within 30-days, 1-year, and 5-years of an index admission. We incorporated different
times-to-readmission as a temporal dimension of study for three reasons a) 30-days and 1-year
are used most often but inconsistently in the literature to define readmissions; b) Temporal
associations are significant in the context of our conceptual research framework and enable us to
determine if the presentation of ‘at-risk’ phenotypes vary by time-to-readmission; c) 5-years
gives us a broad enough span to capture admissions which occur outside of the 1-year window,
which may still be clinically significant, while maintaining longitudinal integrity of the data
based on our source constraints.
History of Mental Health Care Delivery Systems in the United States
Pre-1945 Mental Health Care
The stigma associated with mental illness has been around for centuries, and for many
years impeded the development of adequate mental health services. Prior to 1945 and the end of
World War II, mental illness was largely attributed to two different origins: alien and
endogenous. Alienists believed that individuals with mental illness exhibited abnormal behaviors
secondary to possession by supernatural beings or infection by microorganisms. Endogenous
causes of mental illness included Hippocratic blood and chemical imbalances in the body (Leigh,
2010, p. 3). Another common belief was that mental illness was meant as a punishment for sin or
moral failing (U.S. National Library of Medicine [NLM], 2006). A diagnosis of a mental illness
at this time was equal to if not worse than being terminally ill. It was viewed as an indefinite
sentence to the margins of society, with no hope of recovery (Ralph & Corrigan, 2005; Frank &
Glied, 2006).
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Families were the original caregivers of the mentally ill in the United States. America’s
asylums developed as the need for care increased, due to population growth, and advances in
medicine challenged the traditional models of care. By the time the American Medical
Association was established in 1847, long-term institutionalization for mental illness was
considered the standard of care (NLM, 2006). The provision of care within the healthcare system
was not monitored for factors that could influence successful reintegration into the community,
as discharge from the hospital or a return to public life was not viewed as an option for most. By
1948, there were over 500,000 individuals being housed in long-term institutions (Kalisch &
Kalisch, 2004).
The nation’s perspective on mental illness changed dramatically after World War II,
when troops began being diagnosed with acute, trauma-related mental illnesses that, with proper
treatment, did not require long-term hospitalization (Kalisch & Kalisch, 2004). At this time,
individuals suffering from complex neuropsychiatric conditions composed nearly half of the
entire veteran population, an incidence rate three times that of the World War I era (The
Department of Veterans Affairs [VA], n.d.; Glass, 2009). The 1940s demands for mental
healthcare in the military expedited translational research in psychoanalytics and
psychopharmacology. These developments resulted in a paradigm shift in our conceptualization
of mental illness as an acute and possibly treatable condition (Grob, 2005).
Before 1950, mental health training was not consistently included in nursing curriculum
and the role of nurses in caring for mental health populations was unclear (Kalisch & Kalisch,
2004). Mental health research was also lacking, as the government dedicated nearly all mental
health funding to the maintenance of America’s mental health asylums. Mental health asylums
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were not designed manage acute conditions, as they were not designed with recovery in mind
(Kalisch & Kalisch, 2004). The passage of the National Mental Health Act in 1946 brought great
change in nursing’s involvement in mental health care delivery and the overall design of the
mental health system in the US.
1945 to Present
The infrastructure for deinstitutionalization began being built in 1946 and was supported
by the advancement of psychotropic medications, the establishment of the National Institute of
Mental Health, and the passage of additional outpatient/community care funding legislation
(Grob, 1992). Nursing began to establish its involvement in national mental health issues during
this time through the work of Hildegard Peplau. Peplau was a psychiatric nurse in the army, who
assisted in the drafting of the National Mental Health Act and later became one of the greatest
contributors to the formalization of nursing as a professional practice (Callaway, 2002; Haber,
2000). Her work in theoretical and psychiatric nursing transformed the nurse-patient interaction
from task to transaction (Haber, 2000; Peplau, 1962). Between the passage of the National
Mental Health Act in 1946 and 1962, over 25 graduate level psychiatric nursing programs had
been instituted in universities across the United States (Peplau, 1962).
Nationwide changes secondary to the 1946 National Mental Health Act were slow to
progress. Nearly twenty years after the passing of the National Mental Health Act,
deinstitutionalization remained a future state objective. In 1963, President John F. Kennedy
made a vow to finally end institutionalization of the mentally ill in his State of the Union
Address (Kennedy, 1963). He signed the Mental Retardation Facilities and Community Mental
Health Centers Construction Act, which allocated more funds to rebuilding the nation’s mental
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health system under the supervision of the National Institute of Mental Health (Grob, 2005;
National Institute of Mental Health [NIMH], 2013). As institutions began to close and bed
capacity shrunk, reintegration into community became contingent upon the mentally ill
individual’s ability to navigate the resources available outside of the institution.
Under the mental health legislation passed in 1963, mental health nurses were identified
as key players on community-based teams responsible for connecting mentally ill individuals to
the resources they needed (Shoemaker & Caverly, 2014). Hildegard Peplau ensured this role was
formalized through her work on the American Nurses Association (ANA). It was with her
oversight and guidance that the ANA published its first statement on psychiatric nursing practice
in 1967. This initial statement would continue to be expanded through 1972, when the ANA
released the Standards of Psychiatric and Mental Health Nursing Practice. Both the initial
statement by the ANA and the standards of practice were rooted in Peplau's work on
differentiating trade from profession and the need for specialty practice experts in mental health
nursing (Haber, 2000).
While the development of mental health nursing thrived in the 1970s, federal support for
mental health dwindled and problems began to emerge in other areas. The lack of infrastructure
to support care transitions led to a spike in homelessness and incarceration among the mentally
ill (McDonough, 1969). Additionally, readmissions had become so common that the
phenomenon began to be referred to as “the revolving door effect” (Shoemaker & Calverly,
2014).
In 1977, President Jimmy Carter created an executive order to launch the President’s
Commission on Mental Health (i.e., The Commission) to determine why costs had escalated and
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readmission rates were so high. The findings of The Commission led to the second major
paradigm shift in mental health history and the realization that mental illness requires different
levels of system-based support across the individual’s lifetime (Grob, 2005). The newly
recognized dynamic and often persistent nature of mental illness called for a unique balancing
act of care, something America’s healthcare system was not equipped to handle. Reoccurring
admissions of mentally ill individuals to treatment facilities were recognized as evidence of the
ongoing clash between the structure of the healthcare system and the unique nature of the illness
(Shoemaker & Caverly, 2014).
Introduction to the Veterans Healthcare Administration
The need for developing a system for the provision of veterans’ care was identified as
early as the Revolutionary War era. Infrastructure for the Department of Veterans Affairs (VA)
was developed during the Civil War era. President Abraham Lincoln’s1865 speech to Congress
signified the VA’s inception (VA, n.d.). Up until 1929, however, legislation providing VA
funding and benefits was sporadic and decentralized. In 1930, President Herbert Hoover signed
an executive order to unify all federal agencies responsible for the provision of veteran care,
including housing, disability, pension/retirement planning, and healthcare (VA, n.d.).
While President Hoover’s actions drove VA development forward, the young
organization struggled with the overwhelming demand for services. Veterans made up nearly
40% of the United States population in 1958. The manpower required to staff the VA at this time
was approximately 180,000 (Cain, 1962). By 1969, the VA was the largest provider of
neuropsychiatric care (McDonough, 1969). With need driving change and the support of the
federal government, VA administrators launched into developing a streamlined system of
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medical record management and began investing in health information technology and
community partnerships (Cain, 1962; Brown, Lincoln, Groen, & Kolodner, 2003). Likewise, it
began promoting interdisciplinary collaboration and started taking advantage of communitybased resources to offset costs and support a rehabilitation-based model for the provision of
mental health care (Baker, 1975; McDonough, 1969). The value of collecting information using
technology and electronic records to inform care was realized as a necessity for care integration,
utilization management, and sustaining the establishment (Brown, Lincoln, Groen, & Kolodner,
2003).
Mental Health Care: Goals and Barriers
The state of mental health care and outcomes in the early 2000s was not unlike that of the
early 1800s: sufferers were stigmatized, marginalized, and frequently homeless or in jail. In
2003, President George W. Bush issued the second commission on mental health, known as the
New Freedom Commission, where he acknowledged that the mental health care system in the
United States was broken (Hogan, 2003). Due to a shortage in integrated and rehabilitation-based
community care options, mentally ill individuals had become over-reliant on the public welfare
system (Hogan, 2003; Frank & Glied, 2006).
In the New Freedom Commission’s report on the state of mental health care in the United
States (US), all types of mental illness, whether chronic or acute, were declared preventable,
treatable and recoverable (Hogan, 2003). The report outlined six major goals for the US mental
health system, which were founded upon the concepts of recovery and resilience. These goals
included: a) Americans understand that mental health is essential to overall health; b) Mental
health care is consumer and family driven; c) Disparities in mental health care are eliminated; d)
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Early mental health screening, assessment and referral to services are common practice; e)
Excellent mental health care is delivered and research is accepted; and, f) Technology is used to
access mental health care and information (Hogan, 2003, p.1470).
Processes were initiated by US healthcare organizations to offer early clinical treatment
for mental illness and programs supporting sustained recovery with a return to independent
living. Mental health nurses became logistical gatekeepers between demand, the needs of the
individual, and supply, or the services offered (Sines, Fanning, & Potter, 2013). Unfortunately,
there were three major barriers to achieving the New Freedom Commission’s goals nationwide:
a) The United States healthcare system was fragmented as the result of deregulation of payment
mechanisms and health care organization infrastructure; b) Research was not being used to
support practice; and, c) Care was not patient-centric or coordinated to overcome fragmentation
(Hogan, 2003).
Unlike the US healthcare system as a whole, the VHA was largely unaffected by these
barriers. The same qualities which supported its early development and rapid expansion,
exclusivity, sustained regulation by a centralized executive body, and a pre-determined, taxpayer driven budget, seemingly enabled swift implementation of system-wide changes (Orr,
1958). In 2005, the Secretary of the VA put together a task force to immediately begin planning
and achieving the goals outlined by the New Freedom Commission. By 2010, the following
changes in care delivery were successfully implemented in nearly all facilities across VHA: a)
Institution of a Local Recovery Coordinator (LRC); b) Establishment of peer support services; c)
Development of family services; d) Formation of mental health councils; e) Construction of
psychosocial recovery and rehabilitation centers; f) Implementation of the Mental Health
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Intensive Care Management for Individuals with Serious Mental Illness (MHICM); g) Initiation
of compensated work therapy and skills training; and, h) Provision of research and clinical
fellowship opportunities in recovery-oriented care (Goldberg & Resnick, 2005, pp. 255-258).
However, while some of the system-wide barriers confronting the rest of the nation did not
burden the VHA, it was burdened by some intra-organizational barriers of its own.
In the last decade, one of the primary ways that the VHA has sought to address the cost
and frequency of readmissions among veterans was to implement the nurse-driven Mental Health
Intensive Case Management Program (MHICM) program (Goldberg & Resnick, 2005). MHICM
is an assertive community treatment program, which is not time limited and is managed by a
team of nurses, nurse practitioners, and social workers. The program only has a set capacity,
which once met, prohibits new participants from entering the program (McCarthy et al., 2009).
Domino, Morrissey, and Cuddeback (2013) conducted a study to determine whether the
time-unlimited nature of assertive community treatment programs was truly cost effective when
considering readmission rates. The researchers found that the cost/benefit of these types of
programs begins to decline over time. They stated that while readmission rates dramatically
decline within the first year, there is minimal change in subsequent years. In their study,
individuals in recovery prevented many individuals who qualified for the MHICM program from
participation due to program occupancy. The authors’ recommendation was to implement a
transitional program and consider making assertive community treatment programs time limited
(Domino, Morrisey, and Cuddeback’s, 2013). In addition to Domino, Morrisey, and
Cuddeback’s (2013) findings, the VHA was criticized by McCarthy et al. (2009) for using
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eligibility criteria which biased the inclusion of some veteran populations while excluding
others.
Likewise, Bowersox, Szymanski, and McCarthy (2013) raised the concern that the
VHA’s approach to deinstitutionalization was actually a form of transinstitutionalization. Like
Pfeiffer et al. (2012), Bowersox, Szymanski, and McCarthy (2013) noted no change in inpatient
mental health readmissions in the new delivery system implemented after 2005. With this, they
questioned how it was possible for the VHA to follow the deinstitutionalization trend of
decreasing inpatient bed availability when the need for care had not changed. They suspected
that VHA was decreasing length of stay and freeing up beds more quickly on the inpatient wards
by transferring more mentally ill individuals to nursing homes. Bowersox, Szymanski, and
McCarthy (2013) found that the prevalence of veterans with mental illness in nursing homes
doubled between 1999 and 2007. They also found that seriously mentally ill veterans were likely
to be transferred to a nursing facility more often than comparable cohorts without serious mental
illness. While VHA appears to be on the right track, there are undeniable cracks in the facade.
Today, mentally ill individuals continue to account for the largest percent of individuals
receiving social welfare insurance (Frank & Glied, 2006; Mark et al., 2013). They also continue
to disproportionately account for the cost of all-cause health spending within VHA and
nationally (Yu et al., 2003; Mark et al., 2013; Bowersox, Saunders, & Berger, 2013). While the
barriers to the delivery of adequate mental health care are both similar and different to those
faced at the national level, as a federal organization, the goals and directions of the VHA and the
nation are often unanimously the same. Subsequently, healthcare policy-inspired problems
within the VHA and their implications for nursing practice should not be considered wholly
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unique to the organization. These issues in mental health care delivery should broadly be
considered as reflections of the political, economic, and social climate of the nation (Tilley,
2005). In the case of mental health readmissions, it was US policy, which directed VHA change
with minimal impact on improving outcomes, and it is this same policy, which is now being
implemented across the nation.
Readmissions, Access, and Healthcare Quality
In an effort to restructure the United States’ healthcare payment systems, President
Obama signed into law the Affordable Care Act (2010). One of the aims of the Affordable Care
Act was to reduce stigma and provide a basic centralized infrastructure to support the New
Freedom Commission’s (2006) goals (Obama, 2013; Mechanic, 2012). Apart from improving
access to care and the healthcare payment system, mandates within the Affordable Care Act also
attempted to reduce health care expenditures by penalizing healthcare organizations for
avoidable readmissions. This attempt to reduce costs as well as improve healthcare quality
targeted readmissions among individuals with some of the most common chronic diseases in
America. Despite being among the top five most common and costly all-cause readmissions,
mental health readmissions have largely been neglected from quality of care and pay-forperformance initiatives (Mark et al., 2013; Pincus, Spaeth-Rublee, & Watkins, 2011).
Currently, there is not enough evidence to determine whether mental health readmissions
are indicators of healthcare quality (Bardach et al., 2013). This research study will explore the
associations between modifiable (environmental) and non-modifiable (individual) attributes
associated with readmissions. Our intent is to be able to inform stakeholder decision making
regarding whether or not mental health readmissions can be considered as indicators of
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healthcare quality or the nature of the disease (Mark et al., 2013; Durbin, Lin, Layne & Teed,
2007). Likewise, this study is intended to yield improved understanding of the phenotypes of atrisk individuals in order to personalize interventions and guide systems redesign (Raven et al.,
2008).
Literature Review
While mental health readmissions are the most frequently studied indicators of relapse or
acute illness, not all relapses are captured through hospitalizations. Addington, Patten,
Mackenzie, and Addington (2013) conducted a two-year prospective regional study with 200
participants. During the study, 37% experienced a return of symptoms, while only 26% were
hospitalized. The authors ultimately determined that the sensitivity of hospitalizations as a
measure of relapse is 47% and the specificity is 87%. This finding is suggestive of a gross
underestimation of the problem at large. Not only is the healthcare system failing, it is barely
capturing the extent with its current metrics (Fuller, Atkinson, McCullough & Hughes, 2013).
With this, it must be recognized that the breadth of suffering from relapse in mental illness is a
problem that spans well beyond what we are exposed to in the clinical setting. This literature
review compares and contrasts the designs of studies conducted in the last five years on mental
health recidivism with our own, identifies relevant attributes, and highlights pertinent gaps in the
literature, which our study aims to address.
Time-to-Readmission
The significance and relevance of hospital readmissions in identifying the need for care
and determining healthcare quality varies based on data collection method (Hechenbleikner et
al., 2013; Addington, Patten, Mackenzie, and Addington, 2013). Of the articles we reviewed in
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the last five years, time to what the authors defined as a readmission varied between 30, 60, 180,
and 360 days or 1 year (Chwastiak et al., 2014; Bernet, 2013; Albrecht et al., 2014; Moss et al.,
2014; Fuller, Atkinson, McCullough, & Hughes, 2013; Hechenbleikner et al., 2013; Bardach et
al., 2013; Burke, Donze, & Schnipper, 2013; Doran et al., 2013, & Chai et al., 2013). Likewise,
other authors collected data on readmissions based on the frequency of visits. This was
particularly true among studies of mental health care utilization in the emergency department
(ED). More than four visits in one year was considered frequent utilization, but high utilization
varied from over seven visits per year to over twenty visits per year (Capp et al., 2013; LaCalle,
Rabin, & Genes, 2013; Graca et al., 2013). Subsequently, the use of multiple temporal
definitions of readmissions across studies makes it difficult to compare relevant findings,
particularly findings regarding readmission rates.
Using only one definition of time-to-readmission does not allow us to observe change
over time. We were only able to find one study, which was completed in Portugal, that
considered utilization patterns within a 5- to 10-year period (Graca et al., 2013). LaCalle, Rabin,
and Genes (2013) found that change over time merits further study. In their investigation of
frequent and high ED utilization by mental health populations, of the 59,000 individuals
identified for inclusion, only 15 remained high utilizers for more than one year. Domino,
Morrissey, and Cuddeback (2013) also found a significant reduction in readmissions after one
year among mentally ill individuals in time-unlimited assertive case management (ACT)
programs. Thus, if there is a continuous influx of new time-limited high utilizing populations,
then by using a single temporal definition of readmissions, this trend would be overlooked. This
also generates a lag between the time it takes to identify an individual as a high utilizer and their
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enrollment into supportive programs, such as ACT, which require evidence of high utilization
prior to referral (McCarthy et al., 2009).
In our study, we explored readmission phenotypes of 0/No-readmissions, 30-days, 1-year,
and 5-years. We specifically sought to determine the impact of temporal variations on phenotype
variations. Our intent was to determine whether or not time-to-admission is of clinical
significance and if it is possible to generalize findings across studies which use different
definitions of readmissions. The specific times to admission, 30-days and 1-year, were selected
because they are the most frequently used in the studies we reviewed. 5-year was chosen in order
to identify less frequent events, which may still be of clinical significance.
Clinical Data Analysis
The most common research study design used by researchers in the last five years to
profile cohorts like ours was descriptive, retrospective, clinical data analysis (Petrakis,
Rosenheck, & Desai, 2011; Robinson, Sareen, Cox, & Bolton, 2011; Illgen et al., 2012;
Hawkins, Malte, Baer, & Kivlahan, 2012; Chwastiak et al., 2014; Bernet, 2013; Cederbaum et
al., 2014; Bowersox, Szymanski, & McCarthy, 2013; Moss et al., 2014; Busch et al, 2013; Fuller
et al., 2013; Hechenbleikner et al, 2013; Bardach et al, 2013; Burke, Donze, & Schnipper, 2013;
Capp et al., 2013; Maclean, Xu, French, & Ettner, 2013; La Calle, Rabin, & Genes, (2013);
Graca et al., 2013; Chollet, Saragoussi, Clay, & Francois, 2013; Doran et al., 2013; Chakravarthy
et al., 2013). This approach is logically consistent with the purpose of describing utilization
patterns and cohort characteristics. The problem with this approach, as it has been used in the
past, is the data source.
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Absent from the articles we reviewed is an adequate description of the data source and
how the data were collected. This impedes our ability to validate cohort profiles across data
sources and reliably trust the authors’ findings. Accuracy, completeness, bias, and complexity all
threaten the ways we can meaningfully use EHR data (Hripcsak & Albers, 2012). EHR data are
not representative of reality. EHR data have been filtered through the lens of the healthcare
system in which they were created (Hripcsak & Albers, 2012). As a result, it is the responsibility
of the researcher to use an appropriate technique, provide a transparent description of the
realities of the data source, and maintain an awareness of systems influences throughout the
exploratory endeavor to produce clinically meaningful and accurate phenotypes.
Extracting data from clinical sources in order to inform our understanding of clinical
populations, sub-populations, and healthcare trends can be traced back to manual extractions
from paper health records. However, as EHRs have become a standard feature of most healthcare
environments, our abilities and the ways we use clinical data have changed (Hripcsak & Albers,
2012). Richesson et al. (2013) describe electronic phenotyping as follows:
EHR-based phenotyping uses data captured in the delivery of healthcare (typically from
within EHRs) to identify individuals or populations (i.e., cohorts) with conditions or
events relevant to interventional, observational, prospective, and/or retrospective studies.
Defining these patient cohorts requires explicit, standardized queries (consisting of
logical operators, data fields, and value sets, often using standardized coding systems)
that can be applied against different data sources to identify comparable populations
(p.e227).
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It is difficult to say whether EHR-based phenotyping is novel in nursing, as it can be argued that
EHR-based phenotyping is nothing more than a new term for an old practice: extracting
clinically significant findings from chart data to inform nursing practice. Data mining large
electronic clinical data sources, however, is a relatively new and burgeoning technique in nursing
science (Almasalha et al., 2013, Raju et al., 2015).
Deriving models and conducting cluster analysis based on electronic health record (EHR)
data has shown great potential in predicting risk and describing factors associated with
psychiatric readmissions (Chai et al., 2013; Tran et al., 2014; Poulin et al., 2014, Raven et al.,
2008). Tran et al. (2014) were able to build a predictive risk model from EHR data that was
comparable to physician risk assessments. Poulin et al. (2014) applied natural language
processing techniques to data derived from the VHA’s Corporate Data Warehouse (CDW) in
order to detect associations between word frequencies from clinician encounters and suicide risk.
Chai et al. (2013) used cluster analysis to provide a comprehensive breakdown of associations
between diagnosis and readmissions. Their primary clusters were not only statistically different,
but also correctly grouped like diagnostic categories. In this study, a combination of data mining
techniques were employed to provide a comprehensive exploratory overview of the attributes
associated with psychiatric readmissions among veterans receiving care within VHA.
The greatest challenge faced by researchers seeking to generate new knowledge from
clinical data derived from the electronic health record (EHR) is the lack of standardization of
data storage procedures and organization (Almasalha et al., 2013). In this study, we have chosen
to use a data mining approach to phenotype mental health readmissions within a five-year span.
The data source for our study has been carefully selected. We have chosen to conduct our study
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using the Department of Veterans Affairs, Veterans Healthcare Administration’s Corporate Data
Warehouse. With the Veterans Healthcare Administration (VHA) being one of the largest
providers of specialty mental healthcare in the United States, our study will not only be relevant
to the organization and the population it serves, but its data source(s) will provide adequate yield
for analysis and a sufficient platform for ongoing study (Yu et al, 2003; Bowersox, Saunders, &
Berger, 2013; Mark et al., 2013; Durbin et al., 2007). The Corporate Data Warehouse will be
described in more detail in the methods section.
Regional Scope
The most important thing about the Corporate Data Warehouse is that it was specifically
designed and standardized for the conduct of studies like ours, but to-date, has been underutilized
for electronic phenotyping endeavors (Price, Shea, & Gephart, 2015). Additionally, the
Corporate Data Warehouse also houses data from all VHA hospital across the United States.
Attenuated regional scope of the data source was a major limitation of many of the studies we
reviewed from the last five years (Bowersox, Saunders, & Berger, 2011; Hawkins, Malte, Baer,
& Kivlahan, 2012; Chwastiak et al., 2014; Bernet, 2013; Cederbaum et al., 2014; Albrecht et al.,
2014; Moss et al, 2014; Tran et al., 2014; Bowersox, Saunders, & Berger, 2013; Burke, Donze,
& Schnipper, 2013; Capp et al., 2013; LaCalle, Rabin, & Genes, 2013; Graca et al., 2013; Chai
et al., 2013). By using the Corporate Data Warehouse, we are able to capture information from
all VHA centers in the United States as well as their geographical attributes to incorporate into
our analysis. Intra-facility variation can be monitored by incorporating geographical attributes
into our analysis. This design element is crucial in helping to better understand the relationship
between readmissions and healthcare quality (Bardach et al., 2013).
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Attribute Selection
Attributes, comparable to factors, characteristics, features, and variables, in theory-driven
studies are operationalized variables derived from the abstract concepts of the theory (Walker &
Avant, 2011). However, in data-driven studies, attributes are selected based on domain
knowledge. Domain knowledge is represented by what is known from previous studies, and is
utilized to reduce redundancy, support data interpretation, and ensure the attributes that are
selected are relevant (Hall & Holmes, 2003). Next to data quality and dimensionality, attribute
selection plays the most significant role in determining whether a phenotype will be useful in
conducting additional research and algorithm-building endeavors (Hall & Holmes, 2003).
Being overly specific in the attribute selection process can also be problematic, as it may
reduce the frequency of unexpected yet clinically significant findings. Thus, we have chosen to
use an integrated approach to attribute selection. The attributes for this study have been selected
based on their frequency of use and significance in past studies (Table 1), relative match with the
concepts in our research conceptual framework, and their availability in our data source.
Attribute selection based on availability in the data source was a technique used in the literature
we reviewed out of necessity. This is a reality of working with clinical data. In this regard, it is
important that the attributes that are selected will also be common among multiple data sources
to bring relevance to the work. However, uncommon attributes (i.e., not frequently captured) that
are found to be associated with clinically significant outcomes can be used in the future to inform
EHR design (Richesson et al., 2013; Hripcsak & Albers, 2012). Since much of nursing
documentation is captured using free text, future studies are needed to identify patterns in
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nursing documentation to inform EHR design and capture specific attributes that can be used to
quantify nursing work and address nursing-specific research questions.
TABLE 1. Attributes Supported by Previous Studies.
Attribute

Evidence

Individual/Non-Modifiable
War Era
Substance Use

Comorbidities
Mental Health Diagnosis

Suicidality
Service Connected Disability
Gender
Age
Axis II Disorder
Psychiatric Medications
Homelessness

Petrakis, Rosenheck, & Desai (2011)
Robinson, Sareen, Cox, & Bolton (2011); Hawkins, Malte, Baer, &
Kivlahan (2012); Cederbaum et al. (2014); Tran et al. (2014); Fuller,
Atkinson, McCullough, & Hughes (2013); Burke, Donze, & Schnipper
(2013); Capp et al. (2013); LaCalle, Rabin, Genes (2013);
Chakravarthy et al. (2013)
Hawkins, Malte, Baer, & Kivlahan (2012); Cederbaum et al. (2014);
Albrecht et al. (2014); LaCalle, Rabin, & Genes (2013)
Chwastiak et al. (2014); Fuller, Atkinson, McCullough, & Hughes
(2013); Burke, Donze, & Schnipper (2013); Capp et al. (2013);
LaCalle, Rabin, & Genes (2013); Graca et al. (2013); Chai et al. (2013)
Illgen et al. (2011); Bernet (2013)
Bernet (2013)
Cederbaum et al. (2014); Bowersox, Saunders, & Berger (2011); Graca
et al. (2013); Chai et al. (2013)
Albrecht et al. (2014); Bowersox, Saunders & Berger (2011), Graca et
al. (2013); Chai et al. (2013)
Maclean, Xu, French, and Ettner (2013); Chai et al. (2013)
Burke, Donze, & Schnipper (2013); Chollet, Saragoussi, Clay, &
Francois (2013)
Doran et al. (2013)

Environmental/Modifiable
Healthcare Utilization Pattern

# Inpatient Visits/History of
Readmissions
Outpatient Treatment Engagement
Postal Code/Distance from Facility

Illgen et al. (2011); Hawkins, Malte, Baer, & Kivlahan (2012); Bernet
(2013); Cederbaum et al. (2014); Tran et al. (2014); LaCalle, Rabin, &
Genes (2013)
Bowersox, Saunders, & Berger (2011); Albrecht et al. (2014); Moss et
al. (2014)
Bowersox, Saunders, & Berger (2011)
Tran et al. (2014); McCarthy et al. (2009)

In this section, we reviewed and discussed the implications of studies conducted within
the last five years that examined maladaptive mental healthcare utilization patterns among
comparable adult populations in the United States. Due to extensive variability in design, we
were only able to use these studies to inform the design of our own as well as aid in preliminary
attribute selection. It is important to note that nearly all of the studies we reviewed were
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retrospective clinical data review studies. As a result, causal information related to mental health
readmissions was not captured. This remains a limitation of our study, and will require further
investigation in the future.
Research Proposal
Mental health and substance abuse (MHSA) spending in the United States (US) is
projected to reach $239 billion in 2014. Proportionally, the MHSA budget relies more heavily on
public spending than any other division of the healthcare sector (Levit, 2008). The US
Department of Veterans Affairs, Veterans Healthcare Administration (VHA) is one of the largest
providers of specialty mental health care in the US. MHSA disorders are among the most
common and costly conditions nationally and within VHA (Yu et al, 2003; Bowersox, Saunders,
& Berger, 2013; Mark et al., 2013; Durbin et al., 2007).
Readmissions affect veterans disproportionately when compared to the general
population, with MHSA readmission rates ranging from 15 to 30% (Yue et al., 2003; Kaboli et
al., 2012; Bernet, 2013; Pfeiffer et al., 2012; Moss et al., 2014). Despite the iterative
development of numerous evidence-based and policy-driven programs within VHA in the last
decade to address this problem, readmission rates have not changed (Pfeiffer et al., 2012;
Bowersox, Szymanski, & McCarthy, 2013). Additionally, the individual characteristics of
VHA’s high utilizers have only been studied in disparate fragments related to utilization patterns,
suicidal ideation and comorbidity (Kaboli et al., 2012; Bernet, 2013; Banerjea, et al., 2008;
Bowersox, Saunders & Berger, 2013). No studies have comparatively and comprehensively
examined the attributes that are associated with readmissions and their relationships to the
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healthcare environment, which is modifiable, versus the individual’s clinical presentation or
phenotype, which is non-modifiable.
The purpose of this research is to identify “at-risk” readmission phenotypes for mentally
ill individuals based on individual and environmental attributes with consideration of time-toreadmission within the Veterans Health Administration (VHA). The attributes were selected
based on our research question, pre-existing literature, our conceptual research framework and
the metadata for VHA’s Corporate Data Warehouse, the data source for this study. With this
study, we intend to address research priority 2.3a of the National Institutes of Mental Health
Strategic Plan: Identify novel, mutable, and robust risk and protective factors, and the
mechanisms underlying them, for different phases of disease trajectories in both treated and
untreated populations (no pagination).
Specific Aims
Aim 1
Describe common attribute combinations among individuals with readmissions at
different points in time.
Aim 2
Identify associations between attributes of individuals who experience inpatient mental
health admissions within the Veterans Healthcare Administration.
Aim 3
Determine which attributes have the greatest potential to distinguish between individual
with and without readmissions.

37

Summary
This chapter reviewed the relationship between our research question and nursing
practice, the evolution of the US mental health care system, the role of the Veterans Healthcare
Administration (VHA) in mental health care delivery, and our research proposal. Across history,
the changing definition of mental illness has had a direct impact on the structure of the mental
health care system in the United States. The Veterans Healthcare Administration (VHA) grew
out of wartime demands, and through federal regulation, was consistently one of the first
organizations to implement policy-based changes in mental health care delivery. As a result, it
has remained a leader in the delivery of specialized mental healthcare.
While the objectives decreed by the 2003 New Freedom Commission were intended to
improve the quality of care and the chance of recovery, inpatient psychiatric readmissions remain
the most common and costly all-cause readmissions. Nationally, little has been done to act on the
orders of the New Freedom Commission. Within VHA, much has changed, but the rates of
readmission have not. This recent finding begs the question: is recovery truly an option for all?
This study aims to uncover hidden patterns within VHA’s corporate data to determine which
attributes have the greatest effect on mental health outcomes and whether or not they are
modifiable.
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CHAPTER II: RESEARCH CONCEPTUAL FRAMEWORK
Theoretical Background
The need for nursing professional guidance through formal organizations and theory
became apparent when a gap emerged between nursing practice and the new knowledge being
generated from the biomedical breakthroughs of the late 1940s (Kalisch & Kalisch, 2004). Early
nursing theorists were concerned with defining nursing knowledge, determining how it should be
created, and identifying which concepts were relevant to the discipline of nursing. Consequently,
these early theories were rather broad and abstract and are now known as grand theories (Roy,
2014). Unfortunately, generating knowledge about the discipline, in general, does not directly
translate to informing the decisions and actions of nurses at the bedside. Middle range theories in
nursing are intended to mesh the nursing essence, as supported by the grand theories, with our
understanding of practice-inspired problems in order to directly inform nursing decisions and
actions at the point of care (Roy, 2014). The findings of our study will merit the beginnings of a
middle range theory to inform nursing action and decision making when (s)he is providing care
to individuals who are at risk for mental health readmissions – or – when (s)he may work in a
healthcare environment in which mental health readmissions are problematic.
There are three sources for middle range theory derivation: theory, research, and practice
(Roy, 2014). In this study, we will be using a research or data-driven approach to inductively
derive new insights about our practice problem, mental health readmissions. Theory in this study
also serves as a context for our findings and provides additional domain knowledge for the
decision making and interpretation process required by our analytical technique. A comparable
approach that is more common in nursing research is grounded theory. Like in grounded theory,
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which has a philosophical basis in symbolic interactionism and is rooted in the discipline of
sociology, our study has a philosophical basis in the ecology of human development and is
rooted in the discipline of psychology (Roy, 2014; Glaser & Strauss, 2009). By tapping into
theoretical frameworks derived in alternative disciplines to generate new knowledge were none
yet exists in nursing, we foster new insights which can be used to expand the nursing discipline.
We selected a philosophical basis in the ecology of human development, as manifested
by our application of the Bioecological Model, for the following reasons. The Bioecological
Model sufficiently and broadly explains the concepts which influence the clinical presentation of
distinct phenotypes (Bronfenbrenner & Ceci, 1994). It uses terminology that translates across the
disciplines of medical informatics, psychology, and nursing. Theoretical frameworks with the
same philosophical underpinnings have been used in the past to address a wide variety of
problems in nursing from workplace bullying to predicting postpartum outcomes (Johnson, 2011;
Logsdon, Hertweck, Ziegler, & Pinto-Foltz, 2008). The Bioecological Model is organized to help
differentiate between attribute associations, their relatedness, and whether or not they are
amenable to change (Bronfenbrenner & Evans, 2000). In the remainder of this section, we will
further discuss the connection between the Bioecological Model and its relevance in our study.
The Clinical Definition of Mental Illness
The definition of mental illness has changed throughout the course of history and as we
have developed new insights into the mind-body connection and the nature of health/wellness.
For this study, mental illness is defined as an emotional or cognitive disruption that results in
maladaptive behavioral outcomes and/or disability (Manderscheid et al., 2010). This definition
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allows for flexibility as our understanding of mental illness type, outcome, duration and severity
continues to change.
Mental illness develops from an interaction between genes, human cognition, and the
environment. Interactions between the individual and the environment occur continuously over
time. In genetics, this interaction is known as epigenesis (Leigh, 2010). Early developmental
interactions determine the order in which genetic material is replicated, translated, and stored.
Given certain environmental triggers, material, which was once suppressed through histone
protein binding, becomes available for transcription (Leigh, 2010). According to Markowitz
(2005), the primary environmental factor affecting inter-individual variations in illness
presentation is social structure (as cited in Ralph & Corrigan, 2005). However, in
Bronfenbrenner and Ceci’s (1994) Bioecological Model, it is the intersection of multiple factors
that ultimately determines the clinical expression or phenotype of an illness. Likewise, childhood
exposures are believed to construct the foundations upon which we perceive all other
environmental interactions thereafter (Leigh, 2010; Bronfenbrenner & Ceci, 1994). Perception,
therefore, plays a key role in how future interactions are experienced and expressed (Lazarus &
Folkman, 1984). Perception, in EHR-based phenotyping, is not the lens of the individual, but that
of the healthcare system which codes and stores multiple direct observations and exposures over
time.
Mental health readmissions are the result of the combination of attributes related to the
healthcare environment and the individual. A phenotype is the observable expression of the
individual’s genes interacting with the environment (Bronfenbrenner & Ceci, 1994). Nurses
assess the phenotype during the routine delivery of care. If we are going to determine the nature
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of readmissions and the implications for improving nursing practice, then we must first
determine which attributes are clinically significant, most frequently associated with
readmissions, and amenable to change. Bronfenbrenner and Ceci’s Bioecological Model (1994),
a later adaptation of Bronfenbrenner’s theory of the ecology of human development (1977),
provides the conceptual framework for this study. The synthesis of this philosophical
perspective, our research question, the results of past studies and the available metadata were
used to select the attributes explored in this study. The combination of these four factors
contributed to the domain knowledge necessary to conduct our data-driven study.
The Bioecological Model
The Bioecological Model originated from Urie Bronfenbrenner's early work on what he
called the “ecology of human development” (Bronfenbrenner, 1977, p. 514). Under this
umbrella, Bronfenbrenner (1977) developed a topological model for understanding the impact of
different hierarchical environmental contexts and interactions on human development. Up until
his death in 2005, Bronfenbrenner continued to work on expanding, testing, and adding
additional concepts to his original model. The Bioecological Model was among his final works
(Bronfenbrenner & Evans, 2000).
The overarching premise of the Bioecological Model is that different levels of the
environmental system wash over the individual’s genetic code continuously from conception to
death through the process of transformative interaction. This yields diverse phenotypic
expressions and developmental pathways (Bronfenbrenner & Ceci, 1994). The main concepts in
this model include the environment, proximal processes, exposure, chaos, and heritability.
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The environment. In this model, the environment is defined both abstractly and
concretely. Abstractly, the environment represents the layering of contexts within which an
individual lives, grows, and plays. In its concrete form, the environment represents an object of
interaction.
Proximal processes. Proximal processes are interactions which potentiate human
development and facilitate adaptation. In the relationship between the environment, the
individual and proximal processes:
A proximal process involves a transfer of energy between the developing human being
and the persons, objects, and symbols in the immediate environment. The transfer may be
in either direction or both; that is, from the developing person to features of the
environment, from features of the environment to the developing person, or in both
directions, separately or simultaneously (Bronfenbrenner & Evens, 2000, p. 118).
Exposure. Exposure is the contact point between the individual and proximal processes.
Exposures are continuous over the course of the human lifetime. Exposures vary based on
duration, timing, frequency, and intensity. Based on these variables, along with heritability,
proximal processes affect every individual differently (Bronfenbrenner & Evens, 2000, p. 118).
Chaos. Chaos characterizes poor environments. Chaos represents a source of instability
that may interfere with proximal processes to result in maladaptation immediately and/or over
time (Bronfenbrenner & Evens, 2000). Chaos is comparable to the concept of stress in Lazarus
and Folkman's (1984) Transactional Model of Stress and Coping. In the Transactional Model of
Stress and Coping, individuals interact similarly with the environment as they do in the
Bioecological Model. Stress versus chaos depletes the energy required to sustain/attain
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successful development, adaptation, and ascension (Lazarus & Folkman, 1984). The difference
between the Transactional Model of Stress and Coping and the Bioecological Model is that
individuals remain active participants in determining whether maladaptation will occur based on
the coping mechanisms they employ (Lazarus & Folkman, 1984). In the Bioecological Model,
heritability largely determines who will and will not adapt in the presence of a poor environment,
stress, or other chaotic forces (Bronfenbrenner & Evens, 2000).
Heritability and the individual. Heritability is “the proportion of phenotypic variance
associated with genetic variability” or the individual (Bronfenbrenner & Ceci, 1994, p. 569).
Heritability is only able to explain a limited amount of the variation between individuals. This is
why Bronfenbrenner and Ceci (1994) advocate for further study of proximal processes, as they
offer additional insights into why there are certain inter and intra-individual variations in human
development and behavior.
Summary of Model Propositions
The Bioecological Model provides several basic propositions that we will re-visit in the
discussion section of this paper.
Proposition 1. Interactions with the immediate environment, proximal processes, alter
developmental outcomes and contribute to individual differences in genetic expression.
Proposition 2. The power, content, direction, and form of the proximal process is
determined by the joint interaction between the individual characteristics of the person, the
nature of the outcome under observation, and the environment, immediate and remote. The
stronger the proximal process, the less likely the outcome is related to the individual
characteristics of the person (i.e., heritability).
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Proposition 3. Proximal processes serve as the actualizing potential of genetic
predisposition.

FIGURE 1. Research Conceptual Framework.
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Summary
Mental health readmissions are of a comparable etiology to the development of mental
illnesses. Based on Bronfenbrenner and Ceci’s (1994) Bioecological Model, there are five major
concepts involved in the development of a disorder: environment, heritability, chaos, proximal
processes, and exposures. Individuals composed of genes evolve within the context of a multilayered environment. The connection between the individual and the environment is known as
transformative interaction. Both the individual and environment are dually affecting one another.
This transforms both the individual and the environment. The contact between the individual and
the environment is the exposure. The transaction is the proximal process. Heritability, proximal
processes, and exposures all participate in the transaction in different proportions unique to the
situation and the individual. Chaos may also participate in the transaction at random and infuses
uncertainty into even the best predictive models.
In the clinical setting, individuals or patients are transacting with the environment or
healthcare system. The nurse can directly observe these transactions at different levels. However,
these observations are limited, making it challenging to draw conclusions about what is really
going on with a specific population. The electronic health record (EHR) is a medium for
capturing the daily transactions of the healthcare system and individuals within it. The data of the
EHR describes both exposures and proximal process as filtered through the recording
mechanism, the healthcare system itself. From this perspective, it is impossible to describe the
causes of outcomes identified in these data, such as readmissions or prognosis. EHR data is not a
true representation of reality. However, it is possible to derive knowledge about the general
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behaviors and outcomes of a population due to the breadth and depth of information housed in an
EHR or data warehouse.
In our research conceptual framework, we have synthesized the concepts of the
Bioecological Model with those of the individual-environment transactions, which are taking
place in the healthcare system and captured in the EHR. The different elements of each
transaction can be associated with different attributes we are able to derive from the EHR. The
goal of the framework is to help us understand the attributes and their possible associations with
each other and with our outcome of interest, mental health readmissions. Through the data
mining process, these attributes will be sorted into groups based on their associations with the
different readmission types. These groups represent readmission phenotypes of individuals or
patients that the nurse encounters in practice. Using the combination of information that is
generated through direct observation and based on the patient’s phenotype, the nurse can make
an informed decision about the needs of his/her patient.
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CHAPTER III: METHODOLOGY
In this chapter, we will discuss the data source and data management architecture used in
the VHA. We will then discuss the methodology used in this study, as well as the data access,
preparation, and analytical process. Each data mining technique that was employed was
specifically chosen to help address our specific aims as well as develop a comprehensive
understanding of the population and readmission phenotypes.
Introduction to Data Management
Databases and Data Warehousing
A database is a relational repository of transactional data (Smyth, 2000). Each time
healthcare providers use the electronic health record (EHR), the data they insert, delete, or
transform are electronically converted and stored for later use in an operational database (Jensen,
Jensen, & Brunak, 2012). Within VHA, this database is managed by the Veterans Health
Information Systems Technology Architecture (VistA) system. The interface directly engaged by
the healthcare provider is called the computer-based patient record system (CPRS), and is often
used interchangeably with the terms EHR and electronic medical record (Prather et al., 1997).
The primary function of an operational database is use in day-to-day business
transactions. In healthcare, these transactions are captured as encounters and are frequently
linked to billing metrics and workload. A data warehouse is used in data analytics. While data in
a data warehouse will receive updates in order to stay current and relevant, the primary purpose
is to organize the data in a way that makes it easy to use and transform into knowledge (Wang,
2008). Depending on the priorities of the organization, data stored in a data warehouse can differ
in both content and arrangement. When entering data into a data warehouse, the process of
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extract, transform, and load (ETL) is used. Administrators extract the desired data from the
operational database. The data’s organizational structure is then transformed to a schema that is
meaningful to users of the warehouse. This schema cross tabulates facts or numbers (quantitative
data) that the organization is concerned with. For example, if an organization is concerned with
the number of individuals seen on a given day in a particular clinic, they can add this to their fact
table for rapid recall. Each fact table is linked to a dimension table, which contains descriptive or
qualitative data that complements the quantitative data stored in the fact table. Once the data are
transformed into a usable form, they are loaded onto a user-friendly platform for ease of access
(Wang, 2008).
In VHA, the Corporate Data Warehouse (CDW) is a relational database and represents a
cross between traditional data warehouse design and database design. The data are extracted
from the following sources within VHA: Veterans Health Information Systems Technology
Architecture (VistA), VHA Regional Data Warehouses, VHA Decision Support System, VHA
National Patient Care Database, VA Compensation and Pension Examinations, and
MyHealtheVet.va.gov. Data from these sources are transformed so that it is easier to link content
during analysis. The data are loaded onto two different platforms within the CDW, procedural
and raw. The procedural platform is organized around common business processes. In other
words, data that are commonly retrieved together are linked directly. The raw platform is a
simple data repository in which the data are stored under different categories (VA Information
Resource Center, 2012). For this study, the procedural platform will be used.
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Data Mining
Data mining or Knowledge Discovery in Databases is an inductive approach to creating
meaning from data (Prather et al., 1997; Berger & Berger, 2004). It is inductive in that is uses
data from individuals to develop broad generalizations to solve problems, inform theory
development and support decision-making. Data mining also emphasizes computational
efficiency through the development and utilization of advanced analytical algorithms (Roski, BoLinn, & Andrews, 2014; Berger & Berger, 2004; Prather et al., 1997; Smyth, 2000).
Data mining was selected as the approach for this study as it yields readily translatable
results and is accurate and computationally efficient when working with large sample sizes. With
data mining, it is possible to generate rules to support decision-making and produce multiple
representations of the data for further exploration. Traditional statistical approaches are groomed
for hypothesis testing and validating assumptions based on the degree of error one is willing to
accept. Data mining, on the other hand, yields results that provide a general frame of reference
for making informed decisions about specific problems (Nesbit, Elder, & Miner, 2009).
We also selected a data mining approach because we will not be working with the
traditional amount of data in this study. Big Data is a term used to describe data that is generated
at a rapid velocity, in a large quantity, and with high dimensionality (Price, Shea, & Gephart,
2015). With Big Data, the traditional sample size “n” approaches “N” or all. In other words, Big
Data is capable of capturing all data being generated from an entire population, eliminating the
need for sampling, and in some cases, in real time (Cukier & Mayer-Schoenberger, 2013). The
VHA’s Corporate Data Warehouse (CDW) meets the definition of a Big Data source. Data
within VHA is constantly being generated and updated, in a wide array of dimensions (imaging,
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text records, coding, numeric values, etc.), and in mass quantities. Data in the CDW spans the
entire veteran population receiving care at any VHA facility across the nation and is updated
nightly.
Since we are attempting to capture data from all adults with at least one inpatient mental
health admission between 2008 and 2013 in the VHA, we anticipate an extremely large sample
size as well as computational challenges. With 31 attributes for each case and the possibility of
retrieving approximately 1 million cases (the number of veterans with mental illness nationally),
we anticipated that our study would require advanced computing software and an analytical
approach with enough power to handle data of this magnitude (Petrakis, Rosenheck, & Desai,
2011; Department of Veterans Affairs [VA], 2014). Likewise, past studies have illustrated how
data mining techniques can perform better than traditional statistical methods when dealing with
large data sets, particularly when the correct algorithms and domain knowledge are applied
(Nesbit, Elder, & Miner, 2009; Kennedy, Wiitala, Hayward, & Sussman, 2013; Testik, Runger,
Kirkman-Liff, & Smith, 2008).
Data mining techniques. Three data mining techniques were used to address the specific
aims of the study. The three techniques that were employed include clustering,
classification/decision tree analysis, and association-rule mining. SPSS Modeler 15 was the
software used, as it is capable of handling large sample sizes and includes the algorithms
required for each technique. This section will briefly describe each technique in the context of
our specific aims.
Cluster analysis. Cluster analysis is an unsupervised, descriptive learning technique that
is used to uncover similarities and differences between naturally occurring groups within a
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population. This technique is one of the most common first steps in the phenotyping process
(Goes, 2014a). There are two main types of clustering: hierarchical and partitioning. Hierarchical
forms nested groups. Partitioning forms distinct groups (King, 2015). Since we have already
chosen four distinct readmission groups to cross-examine (0, 1-year, 5-year, and 30-day), we
decided to use a partitioning algorithm known as k-means. K-means sorts continuous data into
the desired number of clusters (K), based on the likeness of the data point for an individual case
to the mean of the cluster (King, 2015). The clusters form our model for classification. The
easiest way to judge the quality of the model is based on the density of the individual clusters
and their distance from one another (King, 2015). In SPSS Modeler 15, the output yields this
information along with the significant attributes used to create the clusters, the means for each
attribute in each cluster, the average length and density scores, as well as a colored indicator that
ranks model performance based on a synthesis of the length and density information.
Association-rule mining. Association-rule mining is used to determine attribute sets
which frequently occur together and may be directly associated with our outcome of interest.
There are two main approaches to association rule mining. The brute-force approach calculates
the support (frequency an attribute value occurs in the data set) and confidence (frequency an
attribute value occurs in the presence of another) for all possible associations. The brute-force
takes a very long time and may not be feasible when the data set is exceptionally large. The
apriori approach functions under the assumption that no item set is going to occur more
frequently than a single item in the set (Zhao, Zhang, & Cao, 2009). Therefore, it first
investigates frequent item sets for frequently occurring items. For this study, we used an
automated apriori approach in SPSS Modeler 15.

52

The results of association-rule mining are in the form of rules related to each item set. For
example, if Item-A occurs in the set, then Item-B will also occur in the set. There are many ways
to determine if an attribute set should be considered interesting. The most common way is by
evaluating the percent confidence of the attribute set. The support of an attribute set is the
percent frequency the antecedent(s) of an association occurs in the entire data set. The
confidence is the percent of times the consequent is present when the antecedent is present. If
Item-A occurs 75% of the time when Item-B is present, then a rule can be made which suggests
that when someone selects Item-B, (s)he is also going to select Item-A (Zhao, Zhang, & Cao,
2009).
The levels of confidence and support that are required to make a result interesting vary
based on many factors. First, setting a high confidence or support risks masking less frequent
associations, which may occur and still be interesting (Zhao, Zhang, & Cao, 2009). For example,
when working with a very large data set with many possible attribute types, frequent item sets
will be relatively rare. Therefore, setting a high level of support or confidence may yield no
results at all. Second, some investigators will add weight, cost, or meaning to specific results
(Zhao, Zhang, & Cao, 2009). For example, a certain frequency of a given item set could result in
missing a significant metric or could cost the organization enough to go into debt. To the
investigator, that frequency would be the marker of significance.
Classification/decision trees. Classification techniques use an opposite approach when
compared to cluster techniques. In cluster analysis, the goal is to see which patterns or groups
emerge naturally without biasing the data by training the algorithm on a data set in which the
true outcome is included. This is what is meant by unsupervised learning (Wang, 2008). In
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classification, the outcome is known and it is used to guide analysis and algorithm development.
This is what is known as supervised learning (Wang, 2008). This technique was selected to
determine which set of attributes are most suitable for delineating between someone with and
without readmissions.
Since our intent is not to predict, which may require superior techniques and refinement
than what is possible for this study, we chose to attempt to build the best possible decision tree
model using the algorithms already available on SPSS Modeler 15. Decision trees
probabilistically partition or classify attributes. Once the tree classifier learns which attributes are
associated with the outcome of interest, readmissions versus no readmissions, the results are
cross-validated using a test data set. The test data set does not have the outcome of interest in it.
The goal is for the algorithm to correctly label the readmission event using the attributes from the
original model. The investigator then compares the algorithm's labels with the actual labels
(Testik, Runger, Kirkman-Liff, & Smith, 2008). Sensitivity (also known as precision) and
specificity (also known as recall) are used to appraise the model. In this study, sensitivity, an
overall assessment of model performance, is the number of times the algorithm is able to classify
a readmission event correctly. Specificity, an assessment of the model's ability to detect true
positives, is the percent of times the algorithm accurately classifies 30-day readmission events as
readmissions. The attributes composing the best model will be incorporated into our final
readmission phenotypes.
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Study Procedures
Data Access, Privacy, and Security
Data for this study was extracted from VHA’s Corporate Data Warehouse (CDW). Prior
to beginning, the investigation applications to both the University of Arizona Institutional
Review Board (IRB) and Southern Arizona Veterans Administration Healthcare System
(SAVAHCS) IRB were submitted. Included in these applications were requests for waiver of
both consent and Health Information Portability and Accountability Act (HIPAA). Since it is
possible to trace the data used in this study back to an individual, for added human subjects
protection, waivers are required by law.
The following is a list of additional human subjects’ protection measures used in this
study. First, only data with scrambled social security numbers was requested and obtained.
Second, all of the data was maintained within the VHA’s secured intranet remote platform
known as the VA Informatics and Computing Infrastructure or VINCI workspace. Only
aggregate results from each of the three analyses were permitted to leave the workspace to be
included in this document. Lastly, secondary approvals from the SAVAHCS local Research and
Development Committee, Privacy Subcommittee, and Information Security Officer were
required prior to the initiation of research.
All members of the research team were required to complete the Collaborative
Institutional Training Initiative (CITI) trainings on good clinical practices in human subjects’
research and HIPAA. Any members of the research team not already affiliated with the VHA
were required to go through additional federally mandated training and background
investigations to gain computer and data access. Any members of the research team working

55

with VHA data and listed on the SAVAHCS IRB application were required to complete VAspecific supplemental trainings on information security and privacy.
Once the aforementioned approvals were obtained, the primary investigator (PI)
submitted a request for data access through the VHA Data Access Request Tracking System
(DART). Study team members requiring data access or alerts for regulatory purposes were
included in the DART submission. During the course of this study, only three people were
granted data access: the PI, Lauren Price; the biostatistician, Dr. Paulo Goes; Dr. Goe’' graduate
assistant, Yu-Kai Lin. Drs. Mary Doyle and Pam Reid Duffy both served as supervising VAaffiliated advisors during the course of the study. The PI and VA employee, Lauren Price,
maintained data access until the close of the study and modified the DART application as study
needs and personnel changed over the course of the study.
In the DART application, the PI requested access to specific domains of the CDW, which
she believed, would contain the attributes required for this study. CDW meta-data was used to
guide her selection of the domains. Once the DART application package was approved, the study
was assigned a VINCI workspace and VINCI administrator. The VINCI workspace is a secure,
remote, intranet platform that requires VHA computer access to login. The VINCI workspace
does not communicate with the VHA computer; therefore, no information can be transferred
from the workspace to the computer or a local printer. There is a specific process for file
download that must go through DART and VINCI for approval and completion of the request.
The PI communicated with the VINCI administrator to acquire cohort data from the
following attributes: admission history, age, sex, marital status, comorbidities (number/type),
admission diagnoses, service connected disability, homelessness, suicidality, employment
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status/income, facility state, facility region, VA Integrated Service Network (VISN), medications
(number/type), encounters, no-shows prior to readmission (number), cancellations prior to
readmission (number), casualty status (i.e. living or dead), period of service and distance from
the facility based on postal code. In the next section, we will discuss the format in which this
data was provided and the procedures involved in pre-processing.
Preprocessing
The VINCI administrator on the VINCI workspace through the Microsoft SQL Server
Management Studio provided all of the data for this study. The VINCI administrator built several
tables in the project folder assigned to the study. These tables linked multiple views taken
directly from the CDW. Views are snapshots of CDW tables. The views only included the fact
tables from the CDW. The VINCI administrator also granted access to a separate project folder
called CDW Work. CDW Work included views of different dimensions that could be linked to
the views in the study’s project folder. All tables were linked using primary key identifiers
(completely unique codes specific to a row of data or patient case). Thus, in order to use the data
in the given form, one had to know how to use SQL (pronounced “Sequel”) and how the facts
and dimensions were connected to one another.
Determining Cohort Inclusion
Several SQL queries were used to determine the scope of the cohort as well as the
constraints. The first query called for the total number of admissions, and the second for only the
number of distinct patients accounting for those admissions in the inpatient encounter view. This
query yielded 4,560,235 million inpatient admissions, accounted for by 1,839,663 patients. Then
the PI investigated the year range of the admission dates. This yielded many dates outside of the
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2008 to 2013 study range. Then the PI investigated the admission diagnoses and discharge
locations. Diagnoses branched outside of mental health and the discharge locations were not all
from inpatient mental health settings. In order to build an appropriate table for analysis, the PI
queried only those patient and admission identifiers that matched an admit date between 2008
and 2013 and a discharge location relevant to inpatient mental health or psychiatry. Since not all
views containing the desired attributes included the same patients, patient cases were gradually
deleted as more attributes were added to the table for analysis. Based on these modifications, our
final cohort consisted of 744,097 inpatient admissions, which were accounted for by 231,365
distinct patients.
Patient cases were labeled as follows a) 5-year Readmit = No readmissions within one
year, but more than one admission within five years; b) 0/No-readmissions = No more than one
admission within five years; c) 1-year Readmit = More than one admission within one year, but
no more than one admission within 30-days; d) 30-day Readmit = More than one admission
within 30 days. A combination of advanced SQL queries performed by the PI and R-coding
written by the graduate assistant, Yu-Kai, were used to assign these labels and incorporate them
into the table consisting of our 231,365 patient cases. The final table, which we will herein refer
to as the primary table, included data from the following attributes: admission year, admission
count (in five years), number of outpatient encounters (in five years), number of prescriptions,
number of comorbidities, marital status, gender, age, distance traveled in miles (difference
between patient postal code and the admitting facility's postal code), the VA Integrated Service
Network, state and region of the treating facility, period of service, service connection, and
whether or not the individual is currently living or dead. Homelessness was captured in the
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problem list. Income data was only available on about 75% of our cohort, so a separate table was
made for analysis that incorporated income data. Likewise, there was no way to capture
suicidality except through psych severity scores at admission and discharge. Many of these
values were also missing, so a separate table was created to determine if using these values made
any significant difference on the outcomes of our analyses.
The data required for this study was not all of the same dimension. There were multiple
patient problems, admission diagnoses, and prescriptions for each patient case. However, for all
of the other attributes there was only one value for each patient case. Since some patients had
more than one admission within the study period, we addressed dimensionality by selecting only
the value, which was associated with the year of the readmission event of, interest (i.e., the
readmission event corresponding to their label). For example, if the individual had several 30day readmissions in 2008, but only one admission total in 2009, we used the age they were in
2008 as opposed to 2009. Some attributes did not change over time, so this issue did not affect
these attributes.
Attributes with multiple values in general, such as patient problems, admission diagnoses,
and prescriptions, were combined in a separate table in transactional format. In transactional
format, the patient identifier is repeated for each attribute (Table 2). The alternative would be
tabular format (Table 3). This format was not feasible for this project, as there were far too many
possible attribute values. Tabular format would greatly increase data size and interfere with
analysis. Therefore, transactional form was used. In addition to diagnoses, comorbidities, and
prescriptions, we also included service connection, war era, and readmission type to this table.
This table will be herein referred to as our secondary table. The final number of rows in the
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secondary table was over 10 million. This type of data structure is only conducive to association
rule mining, and this table was used for that analysis.
TABLE 2. Example of a Transactional Table.
Patient SID

Attributes

S104
S104
S104
S203

Trazodone
Depression
Citalopram
Depression

TABLE 3. Example of a Tabular Format.

S104
S203

Trazodone

Depression

Citalopram

True
False

True
True

True
False

Summary
This methods section describes database warehousing, data mining techniques and the
procedures used for cohort selection. We have selected the inductive approach which we feel
best supports the purpose of our study, to identify attribute associations which characterize atrisk phenotypes of individuals with multiple mental health admissions within the VHA. The
technological infrastructure of the VHA Corporate Data Warehouse has been developed over the
past decade to support the use of its data for research purposes. Data mining is the ideal
analytical mate when working with large data sets derived from clinical data warehouses. Three
different data mining techniques, clustering, association rule, and classification, were used in this
study in order to address our three specific aims. The amount of necessary preprocessing and the
application of these techniques varied based on the cleanliness and dimensionality of the data.
Our final cohort consisted of 744,097 inpatient admissions, which were accounted for by
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231,365 distinct patients. Due to varying dimensions of the data, a primary table was created
including the attributes of these patients associated with the year of their readmission event, and
a secondary table was created for listing attributes with more than one possible value such as
medications, admission diagnoses, and comorbidities.
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CHAPTER IV: RESULTS
Descriptive Statistics
Table 4 features the descriptive statistics for the demographic data in the primary table.
Rows including null values, such as *missing,* were excluded, reducing the total number of
patients to 231,344. See Appendix A for a complete list of data transformations. Figures 2 to 7
graphically depict the information from Table 4 to highlight patterns that emerged between
demographic information and the readmission types. Frequencies less than 1% were not graphed,
nor were service connection data as values were relatively consistent across readmission types.
TABLE 4. Descriptive Statistics for Primary Table.
Attribute

Gender
Age

Period Of
Service

Total

Male
Female
<30
30-49
50-69
70-89
>=90
AD1
Korean
MM2
ODS3
PGW4
PK5
PV6
SA7
Vietnam
WWI8
WWII9
PRK10
Other

(N = 231,344)
n
%
209,841 91%
21,503 9%
23,716 10%
71,109 31%
122,398 53%
13,561 6%
560
<1%
212
<1%
4,785
2%
6
<1%
14
<1%
81,026 35%
2,890
1%
52,530 23%
3
<1%
83,095 36%
3
<1%
3,098
1%
95
<1%
3,587
2%

No
Readmissions
(n = 97,848)
n
%
87,261 89%
10,587 11%
12,702 14%
32,752 33%
45,782 47%
5,409
6%
203
<1%
172
<1%
1,832
2%
2
<1%
11
<1%
41,097 42%
1,132
1%
19,150 20%
2
<1%
31,018 32%
0
0%
1,258
1%
40
<1%
2,134
2%

5-year
Readmit
(n = 19,574)
n
%
19,574 89%
2,310 11%
1,513
7%
6,474 30%
12,623 58%
1,229
6%
45
<1%
5
<1%
410
2%
0
0%
0
0%
7,407 34%
255
1%
5,257 24%
0
0%
8,065 37%
2
<1%
203
1%
6
<1%
274
1%

1-year
Readmit
(n = 54,079)
n
%
49,428 91%
4,651
9%
4,225
8%
15,546 29%
30,574 57%
3,567
7%
167
<1%
16
<1%
1,311
2%
2
<1%
2
<1%
16,395 30%
775
1%
12,181 24%
1
<1%
20,971 39%
1
<1%
809
2%
26
<1%
589
1%

30-day
Readmit
(n = 53,578)
n
%
53,578 93%
3,955
7%
4,276
7%
16,337 28%
33,419 58%
3,356
6%
145
<1%
19
<1%
1,232
2%
2
<1%
1
<1%
16,127 28%
728
<1%
14,942 26%
0
0%
23,041 40%
0
<1%
828
1%
23
<1%
590
1%
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TABLE 4. Continued.
Attribute

Total
(N = 231,344)
n
%
85,173 37%
62,469 27%

No
5-year
Readmissions Readmit
(n = 97,848)
(n = 19,574)
n
%
n
%
32,436 33% 7,837 36%
31,447 32% 6,298 29%

Divorced
Married
Never
Married
56,307 24% 23,066
Separated
17,550 8%
7,130
Single
438
<1%
226
Unknown
414
<1%
279
Widow
8,993
4%
3,264
1/West
43,592 20% 20,100
Region
2/Central
65,336 26% 26,083
3/Southeast
80,766 35% 35,926
4/Northeast
41,620 19% 15,739
Yes
20,149 9%
5,405
Deceased
No
211,195 91% 92,443
A&A11
4,304
2%
1,273
Service
356
<1%
166
Connected CHAMPVA
HE12
1,464 <1%
858
Status
NSC13
68,184 29% 28,746
NSC, VP14
14,978 6%
4,537
POW15
10
<1%
3
SC<50%16
38,348 17% 16,422
SC >50%16 102,748 44% 45,157
Other
952
1%
686
Marital
Status

24%
7%
<1%
<1%
3%
21%
27%
37%
16%
6%
94%
1%
<1%
1%
29%
5%
<1%
17%
46%
1%

5,213
1,684
38
18
796
4,532
5,713
7,955
3,684
1,245
20,639
388
51
95
5,861
1,395
1
3,427
10,634
32

24%
8%
<1%
<1%
4%
21%
26%
36%
17%
6%
94%
2%
<1%
<1%
27%
6%
<1%
16%
49%
<1%

1-year
Readmit
(n = 54,079)
n
%
20,868 39%
13,082 24%

30-day
Readmit
(n = 53,578)
n
%
24,032 42%
11,642 20%

13,589
4,040
90
61
2,349
10,972
14,190
18,681
10,236
5,913
48,166
1,248
78
231
15,778
3,913
3
8,617
24,093
118

14,439
4,696
84
56
2,584
7,988
19,380
18,204
11,961
7,586
49,947
1,395
61
280
17,799
5,133
3
9,992
22,864
116

25%
7%
<1%
<1%
4%
20%
26%
35%
16%
11%
89%
2%
<1%
<1%
29%
7%
<1%
16%
45%
<1%

Note. 1) AD = Active Duty, 2) MM = Merchant Marine, 3) ODS = Operation Desert Shield, 4) PGW = Persian Gulf
War, 5) PK = Post-Korean, 6) PV = Post-Vietnam, 7) SA = Spanish American, 8) WWI = World War I, 9) WWII =
World War II, 10) PRK = Pre-Korean, 11) A&A = Aid and Attendance, 12) HE = Humanitarian Emergency, 13)
NSC = Non-service Connected, 14) NSC, VP = Non-service Connected, VA Pension, 15) POW = Prisoner of War,
16) SC = Service Connected.

25%
8%
<1%
<1%
4%
14%
34%
32%
21%
13%
87%
2%
<1%
1%
31%
9%
<1%
17%
40%
<1%
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FIGURE 2. Gender by Readmission Type.

FIGURE 3. Age by Readmission Type.
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FIGURE 4. Period of Service by Readmission Type.

FIGURE 5. Marital Status by Readmission Type.
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FIGURE 6. Region by Readmission Type.

FIGURE 7. Casualty Status by Readmission Type.
Patterns Identified from the Descriptive Statistics
Some preliminary patterns could be recognized through the descriptive statistics. Figure 2
depicts that the proportion of females declines as the proportion of males increase when the
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readmission frequency increases. Figure 3 depicts that the proportion of younger individuals
increases as admission frequency decreases. Figure 4 depicts that the proportion of Vietnam and
Post-Vietnam veterans increases while the proportion of Persian Gulf veterans decreases as
admission frequency increases. Figure 5 depicts an inverse relationship between married and
divorced individuals. The proportion of married individuals increase as admission frequency
decreases, and the proportion of divorced individuals increases as admission frequency increases.
Figure 6 depicts a decrease in 30-day readmissions among individuals living in the Southeast and
Western regions, and an increase in 30-day readmissions among individuals living in the Central
and Northeast regions. Lastly, Figure 7 depicts that the proportion of individuals who are
deceased increases as admission frequency increases.
Results for Aim 1: The Formation of Attribute Clusters
Specific Aim 1 is to describe common attribute combinations among individuals with
readmissions at different points in time. To address this aim, our primary table containing data
from our cohort of 231,365 patients was used. In addition, the cluster algorithm was also applied
to our two additional tables containing fewer patients but including income and psychiatric
severity information. The attributes, which differentiated the readmission clusters, did not change
for the income or psychiatric severity tables. Therefore, we will only be presenting the results
from our analysis using the primary table.
K-means clustering algorithm was applied to the data in our primary table. We specified
four possible clusters based on our readmission groups: 1-year, 5-years, 30-days, and no
readmissions. A preliminary regression analysis was used to determine which attributes where
best suited for differentiating our clusters based on readmission type. The analysis was run
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several times, adding and removing additional attributes that could possibly improve our model.
Table 5 depicts the significant attributes in differentiating the clusters, which included admission
count, number of comorbidities, prescription count, age, distance traveled in miles, and number
of outpatient encounters in five years. The one attribute that added slight model improvement
when added to the attributes listed in Table 5 was casualty status. Since casualty status is a flag
(i.e., deceased: yes or no), the final means reflect the contribution of this attribute to the model,
but the attribute itself is not listed. Instead, the algorithm simply identified the most common
response for each readmission type. All readmission types were predominately “no” values,
except for 30-day readmissions. The means for each attribute value in each of the four clusters
are provided in Table 5, along with the F-test, degrees of freedom, and p-values. Means for the
attributes in each of the four clusters were considered statistically significant (p<.001). We
compared patterns in the actual means (i.e., means when the data is sorted by readmission type)
to determine how well our model actually fit the true patterns observed in the data. The
readmission type labels in Table 5 specify which readmission type was used to generate the
actual mean value. Appendix A contains the SPSS streams used to generate these results and the
results from the other mining techniques.
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TABLE 5. Cluster Analysis Results.
Attribute

Admit Count
(# in five years)
Comorbidities
(# from current
problem list)
RX Count
(# medications
issued in one
year)
Age
(in years)
Travel Distance
(in miles)
Outpatient
Encounters
(# in five years)

Cluster Means

Statistical Significance

Cluster 1
(No
Readmit)

Cluster 2
(5-year)

Cluster 3
(1-year)

Cluster 4
(30-day)

F-Test

DF

Importance

2.2
(1.0)
5.7
(7.7)

3.3
(2.2)
9.9
(11.6)

3.5
(3.7)
14.0
(12.1)

4.6
(6.9)
14.4
(13.2)

2,065.7

3,231361

p<0.001

9,886.3

3,231361

p<0.001

21.1
(19.0)

30.5
(25.7)

34.9
(38.5)

39.0
(43.3)

3,811.0

3,231361

p<0.001

31.3
(48.6)
309.5
(279.0)
106.3
(74.4)

50.4
(52.0)
260.0
(212.3)
133.6
(99.3)

64.1
(52.0)
182.6
(226.1)
143.3
(173.7)

60.7
(51.9)
166.7
(205.8)
167.9
(206.3)

256,293.2

3,231361

p<0.001

543.1

3,231361

p<0.001

1,887.1

3,231361

p<0.001

Note. The true means for each readmission type are listed in red. Means of the clusters that formed based on the
listed attributes are in black.

Patterns Identified from the Cluster Analysis
The differences in the cluster means mirrored the differences seen in the actual data
between readmission types. Some of these patterns also supported the patterns which were
identified in the descriptive statistics sections. Based on the combination of this information, the
following conclusions can be drawn: a) Individuals with a lower number of admissions,
encounters, comorbidities, and prescriptions are more likely to be younger; b) Individuals with
higher admission, encounter, comorbidity, and prescription counts are the most likely to be dead;
c) The number of comorbidities, outpatient encounters, and prescriptions increase as admission
frequency increases; and, d) The average distance traveled increases as admission frequency
decreases.
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Results for Aim 2: Frequent and Important Attribute Sets
Specific Aim 2 is to identify associations between attributes of individuals who experience
inpatient mental health admissions within the Veterans Healthcare Administration. To address
this aim we utilized our secondary table in which we combined the values for the following
attributes: diagnoses, comorbidities, prescriptions, service connection, war era, and readmission
type in transactional format. For our cohort of 231,365 patients, the total number of values in our
transactional table was 10,960,738. We applied the Apriori algorithm in SPSS modeler to this
table, and ran the analysis using the default threshold settings of 10% support and 80%
confidence. This yielded six results, all of which consisted of duplications of the same drug at
different doses. Since the data set is so large with high variability, the frequency of the same
attribute value occurring multiple times is very low in proportion to the number of possibilities.
The frequency of different attribute values occurring together is even lower. Therefore, we found
it more practical to reduce thresholds to 10% support and 10% confidence, and manually sort the
results for importance. Table 6 includes a summary of our model. Of the values in our
transactional table, 140,394 were distinct. From these 140,394 values, the Apriori algorithm
generated 23,858 rules. Table 7 displays the most common attribute values ranked by support.
TABLE 6. Association Rule Mining Model Summary.
Number of Rules: 23,858

Minimum Rule Support: 1.0%

Number of Valid Transactions: 231,365

Maximum Rule Support: 21.8%

Minimum Support: 10.0%

Minimum Confidence: 10.0%

Maximum Support: 44.4%

Maximum Confidence: 97.3%
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TABLE 7. Top 10 Most Common Attribute Values.
Value
Service Connected 50-100%
Omeprazole 20mg Cap, EC
No Readmissions
Vietnam Era
Persian Gulf War
Trazodone HCL 100mg Tab
Hydrocodone 5mg/Acetaminophen 500 mg Tab
Tramadol HCL 50mg Tab
Non-Service Connected
Tobacco Use Disorder, Use Unspecified

Support
44%
44%
42%
36%
35%
31%
30%
30%
30%
28%

Note. For a complete list, see Appendix C.

Since the traditional means for determining importance, either subjectively or based on
cost, were not applicable to the nature of these data and the research question, a set of exclusion
criteria were created to determine which associations are important: a) The consequent is not one
of the top ten most frequent attribute values; b) The antecedent/consequent relationship is not
obvious; c) The antecedent/consequent relationship does not present duplicate information; d) If
the consequent is one of the top 20 most frequent attribute values, the confidence must be higher
than it occurs in the cohort in general; e) If the set contains a readmission type, the confidence
must be disproportionate to the associations with the other readmission types; f) If the set
contains a readmission type, the confidence must be greater than the support for that readmission
type in the cohort; and, g) The antecedent or consequent cannot be the value *missing*.
Criterion 1 was created because there is a direct relationship between the frequency of an
attribute value in a data set and the likelihood that it will be associated with another attribute
value. For example, Omeprazole 20mg Cap, EC was the consequent in 150 attribute sets. Of 190
possible antecedents, Omeprazole was associated with 80% and at a confidence of 10% or more.
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Findings such as this one are also good examples of why domain knowledge is important in data
mining. Omeprazole 20mg Cap, EC is a medication that is frequently used as acid suppressive
therapy among outpatients and prophylactically to prevent gastrointestinal (GI) irritation among
inpatients. It is possible that this cohort has a high frequency of gastrointestinal issues, but it is
more likely that this trend would be common even in a cohort without mental health disorders
(Sheikh-Taha, Alaeddine, & Nassif, 2012).
Criterion 2 was created because the purpose of data mining is to discover new knowledge
in data that is not obvious. Obvious relationships are not useful in further informing our research
question. The same medication being associated with itself at two different strengths would be
considered an obvious relationship. For example, Nicotine 7mg/24hrs Patch predicted the
presence of Nicotine 14mg/24hrs Patch 92% of the time. The diagnosis and a medication used to
treat it would be an obvious relationship. For example, Esophageal Reflux predicted the use of
Omeprazole 20mg Cap, EC 85% of the time.
Criterion 3 was created because the same attribute value combinations can compose
multiple sets but with different values in the role of consequent or antecedent. In addition, some
of the information related to readmission type, service connection, and war era are duplicated in
the exact same format in the descriptive statistics section. Criterion 4 relates to the same risk as
Criterion 1, that an attribute set seems important simply because of the frequency one of the
attribute values occurs in the data set. To further prevent against finding an association important
when it is really due to inflation, Criterion 4 was created. Furthermore, if those values are in the
consequent but the confidence is disproportionate to the frequency it occurs naturally in the
cohort, then it was considered important.
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Since we know the frequency that all four of the different readmission types are present
in our data set, we can compare values to determine if the association informs our research
question. Criterion 5 explains that if the pattern of differing levels of confidence for associations
with the same attribute value does not mirror the frequencies of the readmit type in the data set,
then it is important. Criterion 6 essentially states the same thing, but takes it one step further by
adding that the confidence must also be greater than the support for that readmission type in the
data set. Criterion 7 pertains to cases when the value “*missing*” was entered on the problem
list. This value is null and therefore it cannot be considered an antecedent or consequent. Table 8
depicts the important attribute sets identified using the exclusion criteria. Highlighting in the
table was used to group associations that support a specific finding.
TABLE 8. Important Attribute Sets.
Antecedent

Consequent

Support

Confidence

Depressive Disorder, Not Elsewhere
Classified and Service Connected
50% to 100%
Depressive Disorder, Not Elsewhere
Classified
Persian Gulf War
Anxiety State, Unspecified
Anxiety State, Unspecified

Posttraumatic Stress Disorder

11%

53%

Posttraumatic Stress Disorder

27%

33%

Posttraumatic Stress Disorder
Posttraumatic Stress Disorder
Depressive Disorder, Not
Elsewhere Classified
Depressive Disorder, Not
Elsewhere Classified
Persian Gulf War
Vietnam Era
30dayReadmit
1yr Readmit
No Readmissions
Suicidal Ideation
Lack of Housing
Suicidal Ideation
30dayReadmit
1yrReadmit
No Readmissions

35%
11%
11%

41%
34%
46%

24%

34%

42%
25%
16%
16%
16%
16%
11%
25%
11%
11%
11%

42%
40%
41%
28%
22%
15%
22%
15%
35%
26%
29%

Unspecified Essential Hypertension
No Readmissions
30-day Readmit
Lack of Housing
Lack of Housing
Lack of Housing
Lack of Housing
Suicidal Ideation
30dayReadmit
Suicidal Ideation
Suicidal Ideation
Suicidal Ideation
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TABLE 8 – Continued
Antecedent

Consequent

Support

Confidence

Folic Acid 1mg Tab and Thiamine
HCL 100mg Tab
30dayReadmit
Folic Acid 1mg Tab
30dayReadmit

30dayReadmit

17%

45%

Thiamine HCL 100mg Tab
30dayReadmit
Alcohol Abuse, Unspecified
Drinking Behavior
Alcohol Dependence

25%
21%
25%

40%
42%
11%

17%

11%

Substance Abuse
30dayReadmit
1yrReadmit
No Readmissions

25%
20%
20%
20%

15%
42%
29%
20%

Folic Acid 1mg Tab and Thiamine
100mg Tab
30dayReadmit
Acetaminophen 325mg tab
Acetaminophen 325mg tab
Acetaminophen 325mg tab

Patterns Identified from Association Rule Mining
Association rule mining enabled us to capture information from a different angle and
using data that could not be analyzed with the other techniques. Our findings related to war era
and readmission type mirrored the pattern identified in our descriptive statistics section.
Individuals from the Persian Gulf War were more likely to be associated with no readmissions,
while individuals from the Vietnam War were more likely to be associated with 30-day
readmissions. There also appear to be two new emerging patterns in the results of this section.
First, there is a relatively consistent pattern of associations between post-traumatic stress
disorder, depression, anxiety, Persian Gulf War, and service connection. Second, there are
disproportionate relationships between Acetaminophen, suicidal ideation, Folic Acid, Thiamine,
lack of housing, substance abuse, and higher admission frequencies. In other words, even though
most of these values occurred relatively infrequently in the data (low support) set they occurred
in higher frequencies together (high confidence). For example, Acetaminophen only occurred
20% of the time in the data set. No readmissions occurred 42% of the time in the data set
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compared to 23% and 25% for 1-year readmissions and 30-day readmissions, respectively.
Nevertheless, 42% of the time Acetaminophen was present the individual also had a 30-day
readmission, compared to 29% and 20% for 1-year and no readmissions, respectively.
Results for Aim 3: Readmission Predictors
Specific Aim 3 is to determine which attributes have the greatest potential to distinguish
between individuals with and without readmissions. To address this aim we used decision tree
analysis. Decision tree analysis is a predictive classification technique. The goal in this
investigation is not to predict, but to describe possible predictors for further study. Specifically,
we want to be able to determine the attributes that have the potential to distinguish between an
individual with and without readmissions. For this analysis, the primary table was used. The
attribute, “admit count,” was excluded as this value was used to assist in constructing our
readmission type labels and our target was to predict readmission type. Our final decision tree
was too large to include in this document and can be accessed by contacting the author. Since the
tree was too big, the full list of decision rules composing the tree have been included in
Appendix D.
Figure 8 and Figure 9 depict the attributes determined by the CHAID algorithm to be the
most important in differentiating between individuals with and without readmissions. Figure 9
was the original model in which all readmission type labels were used. Figure 8 is the best
performing and revised model, in which the algorithm was only asked to differentiate between
individuals with 30-day and no readmissions. According to Figure 8, if you encounter a patient
who was recently discharged from an inpatient mental health admission, the frequency of their
outpatient encounters over the past five years, alone, is enough to predict with over 80%
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certainty whether or not they will have a 30-day readmission. Adding information from the other
attribute values only improves the accuracy of your best guess by less than 10%. When we
actually applied this model to our test data set, we see that with information from all of the
important attributes considered, it was able to accurately label a 30-day readmission 76% of the
time.
Initially, we trained the algorithm on our primary table with all four readmission type
labels (No readmissions, 30-day readmit, 5-year readmit, 1-year readmit). These results are
depicted in Figure 9. When we applied the algorithm to our testing set in order to validate the
model, it made accurate predictions 46% of the time and was correct in predicting 30-day
readmissions 48% of the time. With 25% representing a random guess, there would still be some
improvement in the decision making process if the model was used in practice, though not as
much of an improvement as when we compared the spectrum extremes of 30-day and no
readmissions. Further investigation is required to better understand the attributes associated with
the high levels of variability in the 1-year and 5-year readmit groups, which may have resulted in
reduced model performance.
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FIGURE 8. Decision Tree Attributes: Best Model. (This figure illustrates the attribute distributions based
on their contribution in differentiating between no readmissions and 30-day readmissions. The model based on these
contributes was 80% accurate overall and 76% for accurate for predicting 30-day readmissions.)

FIGURE 9. Decision Tree Attributes: Original Model. (This figure illustrates the attribute distributions
based on their contribution in differentiating between no readmissions, 30-day readmission, 5year readmissions,
and 1year readmissions. This original model was 46% accurate overall and 48% for accurate for predicting 30-day
readmissions.)
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Post-Pruning
When all outcomes in the same branch of a decision tree are the same, it is appropriate to
remove the additional branches which do not add information to the decision making process.
For example, in Figure 8, the number of the prescriptions was the second most important
attribute in helping inform the algorithm's decision making. However, in the actual tree, the
number of prescriptions, regardless of how the algorithm split the values, resulted in the same
outcome as would have been selected if only outpatient encounters (the first branch) was used to
make the decision. Figure 10 illustrates the pruned tree for this analysis. The limiting factor
when spliting the sample into the training and test sets was the 5-year readmission group. In
order to get an even split from each readmission type, random samples of 20,001 were taken for
each type to train on. When we ran our second analysis comparing the algorithm's ability to
differentiate between individuals with and without readmissions, we used the same samples for
30-day readmissions and no readmissions that were used in the first training set. We then tested
the model on the patient cases with 30-day or no readmissions that were not used in the training
set.
Patterns Identified from the Decision Tree
The patterns identified from the decision tree cross validated the patterns detected in the
other analyses. Note that admission count was not included in this analysis as individuals with no
readmissions would only have one admission during the five year period. Since this value alone
would 100% predict this group, the algorithm would rely solely on this attribute and this finding
to make decisions. The end result was not only a poor model, but also did not yield any new
information. The primary way in which the decision tree validated previous findings was by
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identifying some of the same attributes as the primary distinguishers of readmission type,
including prescription count, outpatient encounters, and number of comorbidities. Additionally,
it also found VISN to be important. The VISNs identified as being predictors of 30-day
readmissions can be found in the same regions identified in the descriptive statistics sections as
having a direct relationship with the increase in readmission frequency. Likewise, there appears
to be some connection between greater than 50% service connection and no readmissions. While
this was also found in our association rule mining endeavor, there is some concern that this may
simply be the result of an inflation bias. Both greater than 50% service connection and no
readmissions are the most frequent values for their respective attribute, and therefore, by
proporition of presence alone may be identified together more often.
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*These VISNs compose the
Northeast Region.

FIGURE 10. Pruned Tree. (The image of the original tree, prior to pruning, can be accessed by e-mailing the
author at lprice89@gmail.com. The file was too large to be included as an appendix in this document.)

Summary
This chapter served to present the results associated with each type of data mining
analysis used to address each of our three specific aims. First, in trending the descriptive
statistics related to demographic data several patterns emerged. While males far outnumber
females in this cohort, the ratio of males to females grows as the frequency of readmissions
increases. Being younger appears protective, as individuals younger than 30 were more likely to
be in the no readmission group. The percent of Vietnam and Post-Vietnam veterans increased as
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readmissions became more frequent, while Persian Gulf Veterans were more likely to have no
readmissions. Divorced individuals composed majority of the cohort, and their numbers grew as
readmissions became more frequent. Married individuals were the second largest group, and
their numbers increased as readmissions became less frequent to none. Individuals living in
central and northeastern states appeared to have more readmissions. Individuals with more
readmissions were also more likely to be dead, even though majority of the cohort was still
living at the time of this study.
Building on the patterns recognized in the descriptive statistics section and to address
Specific Aim 1, cluster analysis was performed. K-means was used, as we were able to specify
the number of clusters we expected based on our readmission type labels. As a result, four
clusters were found with a high enough degree of cluster density and separation to qualify as a
fair model. The main attributes that were important in composing the clusters were admission
count, comorbidities, prescription (RX) count, age, casualty status, travel distance, and outpatient
encounters.
To provide an alternative perspective of the data and to address Specific Aim 2,
association rule mining was conducted. The high variability of the data and large sample size,
made it difficult to use traditional cut-off points to determine importance. Additionally, without
having a cost directly tied to our outcome metrics, we had to create a list of exclusion criteria,
which could be used to manually determine the importance of the large number of attribute value
sets/associations, which were uncovered. Both the frequent attribute values and important
attribute sets provided new insights and hidden links between diseases, medications, admission
diagnoses, service connection, and period of service which will be discussed in Chapter V.
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Lastly, to address Specific Aim 3 and continue to add new information to our
understanding of this cohort, decision tree analysis as performed. The final tree was too large to
include in this document, but post-pruning allowed us to provide a snapshot of how the important
predictors informed the algorithm's ability to differentiate readmission types. The algorithm
performed poorly when it was asked to differentiate between the four readmission types, but
performed much better (~40% improvement) when it was only asked to differentiate between
individuals with 30-day readmissions and no readmissions. Our final decision tree yielded some
new insights into some specific environmental factors that may contribute to readmissions.
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CHAPTER V: DISCUSSION AND CONCLUSION
In this chapter, we will be summarizing the patterns which were recognized in the results
section and synthesizing these findings into new information which can be used to support nurse
decision making and future intervention design. We will also be revisiting our original research
conceptual framework in order to build the phenotypes or electronic profiles of individuals who
are the most likely to experience 30-day readmissions versus no readmissions within a 5-year
time span. We will conclude this chapter with the study limitations and areas requiring additional
research.
Summary of Key Findings
Aim 1
Describe common attribute combinations among individuals with readmissions at
different points in time. The combination of admission count, comorbidities, prescription (RX)
count, age, casualty status, travel distance, and outpatient encounters produced a fair model, but
was the only combination that effectively mirrored true patterns in the data. Based on this
analysis, the following patterns in the data were supported:
1. Individuals with a lower number of admissions, encounters, comorbidities, and
prescriptions are more likely to be younger
2. Individuals with higher admission, encounter, comorbidity, and prescription counts are
the most likely to be dead
3. The number of comorbdities, outpatient encounters, and prescriptions increase as
admission frequency increases
4. The average distance traveled increases as admission frequency decreases.
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Individuals in the group with the lowest number of admissions had the lowest mean age
and the longest average distance between their home postal code and the treating facility’s postal
code. Of the 12 studies of psychiatric readmissions reviewed by Durbin, Lin, Layne, and Teed
(2007), the only demographic characteristic that was found to be predictive of readmissions was
age. Of the nine studies that identified age as a significant predictor, only three found younger
age to increase risk versus decrease it. Fuller, Atkinson, McCullough, and Hughes (2013) and
Albrecht et al. (2012) also found that readmission risk increased with age within their cohort of
individuals on Medicare. However, there was a slight spike among the youngest group, as these
individuals were only eligible for Medicare enrollment based on having pre-existing and
severe/debilitating chronic diseases. This suggests that the number of comorbidities may be a
latent contributor to the frequent association between age and readmission risk. According to our
cluster analysis, number of comorbidities was ranked as more important than age in being able to
differentiate between the readmission clusters. The number of comorbidities also may explain
why number of prescriptions and outpatient encounters were found to be important. The more
diseases one has, the more medications one will need to take and the more doctors he or she will
need to see, making overall sicker individuals the highest at-risk group for 30-day readmissions.
Nurses who encounter individuals who meet the profile of a sicker individual as a it is defined in
this paper should consider two things: a) How well are all of this individual's chronic comorbid
diseases being manage; and, b) As long as this individual continues to suffer from numerous
comorbid chronic diseases, he or she is going to remain at risk for a mental health readmission.
For nursing leadership, this means ensuring routine screening for comorbid mental health
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disorders and appropriate involvement of mental health practitioners in chronic disease
management programs.
Aim 2
Identify associations between attributes of individuals who experience inpatient mental
health admissions within the Veterans Healthcare Administration. For this aim, we chose to take
an entirely novel approach. Traditionally association rule mining is used to determine which
items an individual is more likely to purchase concurrently. For this study, we sought to identify
frequent sets of concurrent attribute values found in the electronic health records of our cohort.
The true limitation of the analysis we performed is being able to compare our results with those
of the general veteran population. Without knowing this information, it is very difficult to say
whether the frequent values and attribute sets are related to the receipt of psychiatric care. For
this reason we paid closer attention to those attribute values and sets that were associated with
our readmission type labels. We also created criteria using domain knowledge to parse out
important or meaningful associations that were relevant to the purpose of this study.
The top 10 most frequent attribute values included being service connected 50% to 100%,
Omeprazole 20mg Cap, EC, No Readmissions, Vietnam Era, Persian Gulf War, Trazodone HCL
100mg Ta, Hydrocodone 5mg/Acetaminophen 500mg Tab, Tramadol HCL 50mg Tab, NonService Connected, and Tobacco Use Disorder, Use Unspecified. Values related to period of
service, service connection, and readmission type were more likely to be frequent because there
were less possible unique values for these attributes and each individual is required to have one
value for each attribute. Since there is high variability in the values for diagnoses, prescriptions,
and comorbidities, frequent values for these attributes can be considered even more significant.
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Based on the top 10 attributes, it appears that this cohort has issues with pain and possibly
depression. Hydrocodone/Acetaminophen and Tramadol are used to treat pain, and Trazodone is
used to treat both sleep and depression. Additionally, it appears that smoking is also a common
problem in this cohort.
If we pan out even further to the top 20 most frequent attributes, we come across more
medications for pain (Cyclobenzaprine) and depression (Citalopram and Sertraline). The
diagnoses of post-traumatic stress disorder and depression also emerge in the top 20, along with
hypertension. The associations between pain, sleep, depression and post-traumatic stress disorder
tended to be among the strongest and most frequent associations in the data set (See Table 8). In
addition, Persian Gulf War era, No Readmissions, and 50% to 100% Service connection were
strongly associated with each other and these diagnoses.
Depression and anxiety were present together 46% of the time, and anxiety and
posttraumatic stress disorder were present together 34% of the time. Our rates of comorbid
posttraumatic stress disorder and depression were slightly lower than those of previous studies,
which found that 48% to 55% of individuals with posttraumatic stress disorder had depression.
Rates of comorbid anxiety and posttraumatic stress disorder in our cohort were higher than in
past studies, which found a range of 11% to 31% (Contractor et al., 2015; Price & van StolkCook, 2015). Ginzburg, Ein-Dor, and Solomon found rates of triple comorbidity between
depression, anxiety, and posttraumatic stress disorder as high as 30% in their veteran sample.
Chai et al. (2013), in their cluster analysis study of inpatient mental health admissions, identified
these individuals in similar clusters with lower than average rates of readmissions than the other
clusters. These individuals were also among the youngest in their study.
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Smoking is thought to be used to help regulate the negative mood symptoms of both
posttraumatic stress disorder and depression (Mahaffey et al., 2015). With the high rates of both
diagnoses and their interrelatedness, it is not surprising that tobacco use disorders were present in
28% of this cohort. Likewise, higher rates of cardiovascular disease and hypertension, in
particular, have previously been identified among individuals with comorbid anxiety disorders
and depression in the general mental health population (Ho et al., 2015). Patterns of
comorbidities related to anxiety disorders and depression, although common in this cohort, are
not necessarily the strongest indicators of readmission.
The strongest associations with 30-day readmissions were with the drugs Folic Acid,
Thiamine, and Acetaminophen 325mg tab. All three drugs are administered for the treatment of
alcohol withdrawal syndrome (Riddle, Bush, Tittle, & Dilkhush, 2010; Dart, Kuffner, &
Rumack, 2000). Of the readmission types, only 30-day readmissions had an association with
greater than 10% confidence (the lowest possible cut-off for inclusion) with substance use
disorder and alcohol abuse. Substance use, alcohol abuse, and alcohol dependence did not have a
support (frequency of occurrence in the data set overall) greater than 10%, but all three had
associations with Folic Acid and Thiamine with confidence (proportion of associations in which
both values were present) greater than 10%. The curious fact is that the drugs used to treat
alcohol use disorders had higher levels of confidence with 30-day readmissions than the
disorders alone. There are several possibilities: a) highly variable word strings are used to
describe substance use; b) these individuals are frequently admitted for an alternative diagnosis
but treated for alcohol withdrawal while inpatient; and, c) the patients’ problem lists are not
always updated with the full list of the individual’s active problems even though (s)he may still
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be receiving treatment for that problem. The implication of this finding for nursing practice is
that routine screening for alcohol detoxification risk is not only important, but it must be
adequately documented for future screening, prevention, and treatment purposes.
Chai et al. (2013) found that while individuals who were suicidal, had a personality
disorder, and were in acute crisis had the highest rates of psychiatric admissions, individuals with
substance use disorders had the second highest. This combination of characteristics indicative of
potential suicide prompted the examination of suicidal ideation occurrence related to
readmissions. Even though suicidal ideation occurred 11% of the time in the cohort, 15% of
individuals with 30-day readmissions had suicidal ideation. The percent of individuals with no
readmissions who had suicidal ideation was so low our algorithm did not detect it. However, we
were able to calculate an estimate of the number of individuals with no readmissions who have
suicidal ideation based on the frequency of no readmissions in the presence of suicidal ideation
(29%). The result is 7.5%, which is higher than the national average of 3.7% according to
Centers for Disease Control data from 2008, 2009, and 2013. Comparatively, when suicidal
ideation was present, 35% of those individuals had a 30-day readmission.
There also appears to be an interesting dynamic between lack of housing, suicidal
ideation, and 30-day readmissions. Within our cohort 16% lacked housing. Of these individuals,
41% had a 30-day readmission within the study period. And 15% of individuals who lacked
housing also had suicidal ideation. This finding is very similar to that Doran et al. (2013) who
found that approximately half of the veterans admitted to the hospital and where homeless had a
30-day readmission. In addition, Bossarte et al. (2013) found that veterans with housing
instability were as much as six (6) times more likely to experience suicidal ideation. In now
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knowing that individuals with 30-day readmissions are also more likely to die sooner and that
there is a small but meaningful association between housing instability, suicidal ideation, and 30day readmissions, we can suggest early consultation for social work involvement as well as
enrollment of these individuals in intensive mental health case management programs that
include routine suicidal risk assessments.
The important take-away points for nurses from this section are as follows: Anxiety,
depression, posttraumatic stress disorder, smoking, and hypertension are frequent comorbid
disease combinations among veterans with inpatient psychiatric hospitalizations. Thus,
intervention should not be isolated to only mental health or chronic disease management, but an
integration of the two, whether it is two nurse specialists working together or a joint training
program. This cohort is frequently on medications to address sleep, mood, and pain.
Polypharmacy is hence a major risk, but is preventable through regular medication reconciliation
efforts by nurses across the care continuum (Feldman et al., 2012). Not yet discussed but also
important to note is that individuals without readmissions were more likely to be in the Persian
Gulf War. Individuals with 30-day readmissions were more likely to be in the Vietnam War.
This pattern was also noted in the descriptive statistics section. From this, we can infer that warrelated environmental exposures have played a large role in illness expression among these
individuals. This information can be further used to pinpoint the exposure types, duration, and
intensities that are the most likely to result in maladaptive gene expression (Bronfenbrenner &
Ceci, 1994). Lastly, individuals with 30-day readmissions are more likely to be treated for
alcohol withdrawal at some point, requiring them to take Folic Acid, Thiamine, and
Acetaminophen. Nurses should take note of individuals who experience withdrawal while in the
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hospital, regardless of whether or not they were admitted specifically for detoxification, and
follow-up their assessments with questions exploring housing severity and suicidality. Adequate
assessment may be the key to identification and prevention of 30-day readmissions.
This study demonstrates that individuals at risk for 30-day readmissions are sicker
overall. The cluster analysis, descriptive statistics, and now association rule mining strongly
support this finding. Individuals at risk for 30-day readmissions have more comorbidities, more
prescriptions, higher rates of suicidal ideation, secondary alcohol use problems, and are more
likely to die sooner than individuals without readmissions. This group of individuals are fragile
both mentally and physically, and policy makers must realize that high utilization patterns may
be life sustaining and necessary for psychiatric patients. Penalty for the hospitalization of these
individuals, while it may incentivize better outpatient care, may also limit access to necessary
care. As we have seen historically, reducing bed numbers does not reduce institutionalization
rates but instead leads to transinstitutionalization and the “revolving door effect” in emergency
departments across the nation (Shoemaker & Cavelry, 2014; Bowersox, Szymanski, &
McCarthy, 2013).
Aim 3
Determine which attributes have the greatest potential to distinguish between individual
with and without readmissions. To address Specific Aim 3 we conducted decision tree analysis,
which can be used in both prediction and classification. The stark contrast in model sensitivity
and specificity when all readmission type labels were used versus 30-day and no readmissions
alone, suggests that the differences between each readmission group exists on a progressive
spectrum with no readmissions and 30-day readmissions representing the extremes. The
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possibility exists that there may be some individuals in the 1-year group who had a consistent
pattern of utilization over the five years and some individuals in the 30-day group may have only
had two admissions within 30-days. The characteristics of individuals with consistent utilization
may be closer to those of the 30-day readmission group, who have a higher illness severity, yet
be labeled among the 1-year group. However, this hypothesis will take additional analyses to
test. Based on these result and the purpose of distinguishing between individuals with and
without readmissions, we settled on comparing only the 30-day and no readmission groups and
building our final phenotypes using information about these groups.
While the results of both are not listed in this paper, both the CHAID (Chi-squared
Automatic Interaction Detection Algorithm) and CART (Classification and Regression Trees)
algorithms were applied to our data. CHAID was ultimately the better performer. This is not
surprising as the CHAID algorithm tends to be better for studies, which seek to describe, and is
non-parametric, whereas CART is better for prediction and dealing with data that has a
parametric distribution (Shmueli, 2007). CART struggled primarily because it is only able to
make binary splits, which when the data is not appropriately descritized, can effect performance
(personal communication, Dr. Yu-Kai Lin, June 17, 2015). CHAID works by analyzing both the
significance of the relationship and the degree of independence between the predictor and the
dependent variable. In our best model using CHAID and no readmissions versus 30-day
readmissions, we were able to achieve 80% accuracy when it was applied to our test data set.
The strongest predictors in this analysis were number of outpatient encounters,
prescription count, VA Integrated Service Network (VISN), number of comorbidities, region,
service connection, and period of service. The large amount of attribute values, the lack of
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descritization, and the nature of CHAID resulted in an exceptionally large tree that could not be
incorporated into this document. Unlike CART, which pre-prunes trees automatically, CHAID
does not prune the tree but continues to make branches until the predictors are independent from
the target (Shmueli, 2007). For this reason, we decided to manually conduct post-pruning. Postpruning helps with overfitting, and can be done when the majority class label no longer changes
in subsequent leaves (Goes, 2014b). For example, in Appendix D, Rule 1 all of the majority class
labels are “NoReadmissions.” Therefore, the branch could be pruned back to just outpatient
encounters.
When we pruned our tree (Figure 6), it became evident that outpatient encounters
remained the most important predictor, along with VISN and service connection. The interesting
finding when looking at the impact of VISN is that the VISNs, which were found to have
stronger associations with 30-day readmissions, were in the same regions. Additionally, when we
compare these findings with our descriptive statistics, we see that the same regions that contain
these VISNs also trend towards having a larger percent of 30-day readmissions. Cross-validation
between the two analyses suggests that there is diversity in the care and/or the individuals living
in different sections of the United States. The VISNs associated with readmissions include one
through five and nine through twelve. All of these VISNs are located in the northeast, with
eleven and twelve bordering the northeast in the northeastern part of the central region.
Findings in the Context of the Conceptual Framework
Our research conceptual framework was used to guide attribute selection, provide a
context for our results, and help to differentiate between the environmental and individual
contributions to inpatient psychiatric readmissions to inform nurse/stakeholder decision making.
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Figure 11 and Figure 12 feature a revised version of our original research conceptual framework
(Figure 1) given the findings of our study.
Chaos is inherently difficult to capture in even the best models (Bronfenbrenner & Evans,
2000). In our study, the values we sought for chaos were missing in the data set. We had the
option of adding an addendum to our project to acquire access to an alternative data domain that
was also expected to contain information related to no-shows and cancellations. However,
according to the most recent report on this secondary data domain, only 32% of these values
were actually accounted for. Therefore, chaos remains ambiguous chaos until better data
becomes available.
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FIGURE 11. No Readmission Phenotype.
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FIGURE 12. 30-day Readmission Phenotype.
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Limitations
This study was descriptive in nature. None of the associations found can be considered
causal relationships. All of the data was extracted from the electronic health record, which means
that the data used in this study are not equal to the values ascertained from direct observation.
Not all attributes that were desired could be found in the data. Based on the design and scope of
this study we were unable to determine whether consistent patterns of utilization over time alter
readmission phenotypes. We do not have a general veteran sample nor a sample from the general
United States population to compare the frequency of the values identified from our association
rules. Without the ability to compare, there is uncertainty as to if the high frequency of the values
identified are characteristic of one or more of the aforementioned populations. We limited the
discussion of traditional values of significance as the sample size was so large that nearly all
findings would most likely be significant. For example, all of the means for all of the attributes
in the cluster analysis were considered to be significantly different with a p < 0.001.
Implications for Nursing
This section will directly discuss the relevance of this study and its findings to the
different domains of nursing. Our intent is to link our conclusions to their broader significance
and meaning for nurses.
Theory
Our study determined that attributes of the exposure, the environment, and the individual
were all associated with the readmission outcomes and necessary for differentiating between
them. Based on this finding, the continued use of the borrowed Bioecological Model in nursing
to explain phenotypes and the individual and environmental factors influencing them may be
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appropriate. However, factors are not the same as attributes and phenotypes are not the same as
EHR-based phenotypes. When nursing data is not collected through direct observation, but
instead through clinical data, the inherent risk of bias related to lack of control over how and
which data are collected must be recognized. For this reason, it may be appropriate to derive a
new nursing model from the Bioecological Model, which is more accurate in reflecting the true
nature of the data nurses are exposed to in the clinical setting through the EHR.
Practice
This study represents the latest information on the attributes of veterans with variable
mental health utilization patterns. The criteria used by nurses, frequently derived through chart
review, to determine for improved care coordination, whether in the form of enrollment in
Mental Health Intensive Case Management, inpatient discharge planning, or outpatient referrals
to specialty services, can be updated with the major findings of this study. For example, our
study found that outpatient encounter frequency is associated with inpatient utilization. Existing
criteria for the Mental Health Intensive Case Management program explores total days of
utilization and frequency of admissions over a year. Instead of waiting for a year to identify these
trends, we can already begin to monitor outpatient encounter patterns and possibly intervene
before the index admission even occurs.
Research
Access to massive amounts of clinical as a result of the implementation of EHRs presents
new analytical challenges for nursing research. The reuse of clinical data to study nursing
problems and inform nursing practice is not new. However, with EHRs and other healthcare
technologies, we have much more data at our fingertips than ever before. We are now able to
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capture data from entire populations, in multidimensional formats, and in close to real time. Big
Data challenges our traditional statistical methods and inflates values of significance (Price,
Shea, & Gephart, 2015). The algorithms used in data mining and this study were specifically
designed to find associations in an efficient manner in very large, multidimensional bodies of
data. The application of theory and nursing domain knowledge ensured meaningful results were
obtained.
Now that Big Data has found its way into nursing, it is time we start adapting our
analytical approaches to be able to make sense of it. That being said, there is an element of
empowerment in the adoption of these techniques. First, it enables nurses to be able to use the
data they are generating though their daily work (time taken away from the patient to document).
Second, it sparks new ideas about how the EHR can become more useful to nurses and nurse
scientists. These ideas can be used to drive further EHR development in the direction of nursing
interests, ensuring the collection of data on attributes that are meaningful to nurses and the
quantification of nursing work. Inversely, if nursing scientists abandon the study and utilization
of Big Data, it is likely users from other disciplines will take their place. Nurses will remain
passive users of healthcare technology, and the unique domain knowledge associated only with
the discipline of nursing will be lost on the research community.
Education
The analytical techniques employed in this study were not learned in a nursing program.
The PI went through a three semester Management Information Systems certificate program to
acquire the skills necessary for completing this study. The PI's healthcare organization also
offered courses with similar content. Courses on Big Data in healthcare and the required
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analytical tools should be an optional course offering in all graduate level nursing programs.
Without these skills, we cannot become active users or benefit from the advantages of Big Data
in our practice. This need has not gone unnoticed, as the National Institute of Nursing Research
now offers annual research intensives on the use of Big Data. Seats at the intensives often sell
out within the first few hours of becoming available. Thus, more educational opportunities for
nurses interested in learning how to use Big Data in their research and practice are needed.
Implications for Future Study
Future studies are needed to examine the impact of chaos, such as no-shows and
cancellations, on rates of readmission. Individuals in the 30-day readmission group had a greater
number of encounters, but we do not know if those encounters were actually completed. The
income information was also incomplete in this data set. We attempted to incorporate it into our
analysis by creating alternative tables and re-running our analyses. The results did not change
with this input, so it is likely the income does not make a difference. However, there is a missing
link between the relationship between unstable housing and 30-day readmissions that could be
further informed by studying income and employment status.
One of the purposes of this type of study is to inform future intervention design and
testing. Based on the results of this study, an intervention study examining the impact of holistic
nursing case management on 30-day readmissions would be appropriate. Our study demonstrated
that it is a combination of individual and environmental factors that ultimately results in 30-day
readmissions. This finding is supported by the transactional nature of individual and
environmental relationships, which result in behavioral outcomes as described by
Bronfenbrenner and Ceci’s (1994) Bioecological Model. Likewise, individuals with 30-day
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readmissions can be said to be sicker in general, with higher rates of prescription use,
comorbidities, and death. Thus, the care provided by the registered nurse must be
comprehensive. The string of interrelations between posttraumatic stress disorder, depression,
sleep, pain, anxiety, smoking, and hypertension found in our association rules is just one
example of how multiple diagnoses can feed one another. It is likely this is also the case with
underlying substance use behaviors, suicidal ideation, and a lack of housing.
There will also need to be further investigation into the cause of regional differences in
readmission trends. It is expected that care will differ by facility, but the fact that entire regions
manifest greater rates of readmissions was unexpected.
Lastly, further investigation is required in order to support our supposition that
individuals with 30-day readmissions are more likely to be on the drugs Folic Acid, Thiamine,
and Acetaminophen because they are more likely to be treated for alcohol withdrawal and/or
alcohol withdrawal is secondary due to an inpatient admission for an alternative cause. The
strong association between 30-day readmissions and these drugs was by far one of the most
intriguing.
Conclusion
The purpose of this research was to identify “at-risk” readmission phenotypes for
mentally ill individuals based on individual and environmental attributes with consideration of
time-to- readmission within the Veterans Health Administration (VHA). By better understanding
the population they are working with, nurses can become better advocates for their patients and
tailor improvements within the healthcare system to address their patients’ needs.
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This study found that based on time-to-readmission alone, there was little difference
between the 1-year and 5-year readmission groups. However, while our models may be less
effective in classifying these readmission types, anyone who is assigned a 30-day readmission
label, regardless of actual utilization pattern, should be considered high risk for needing services.
In terms of illness severity, the more comorbidities, medications, and encounters an individual
has, the more likely they were to have more readmissions or admissions in general. We have
learned from this study that individuals in the 30-day readmission group are sicker and from
Mackenzie and Addington (2013), that readmissions may underestimate illness severity.
Therefore, it is important that as nurses, we do not overlook the needs of individuals requiring a
higher level of care that may not demonstrate 30-day readmission patterns.
Our final phenotypes reflected individuals with no readmissions and individuals with 30day readmissions. Both individual and environmental attributes played an important role in the
development of each phenotype. Thus, it is not entirely appropriate to penalize hospitals for
mental health readmissions. As an alternative, more money should be invested tailoring
interventions to meet the unique needs of the individual, including the medical comorbidities,
which may be interfering with achieving optimal mental health outcomes.
All three types of data mining analyses contributed small pieces to the much larger
picture and yielded substantive contributions to the development of our final readmission
phenotypes. Like in hard rock mining endeavors, sometimes it takes more than one tool to find
and extract the diamond. This study demonstrates that multiple pattern recognition approaches,
when applied to large bodies of clinical data, are now both accessible and useful for nurses.
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These techniques enable nurses to use the data they are collecting through every day point-ofcare interactions to inform and improve the care they deliver to future patients.
Based on the results of this study, additional interventions are required to improve care
for individuals with 30-day readmissions. These interventions should be focused on trialing
holistic and comprehensive nursing case management programs, which span the layers of the
healthcare environment and factor into consideration all of the important attributes/attribute
values identified in our 30-day readmission phenotype. Likewise, we can use the important
attributes/attribute values identified in the no readmission phenotype, which are amenable to
change, to gauge the success of our programs.
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APPENDIX A:
DATA TRANSFORMATIONS FOR DATA MINING ANALYSIS
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APPENDIX B:
SPSS STREAM VISUALS
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SPSS STREAM VISUALS

Cluster Analysis Stream in SPSS

Association Rule Stream in SPSS

Decision Tree Stream in SPSS

106

APPENDIX C:
COMPLETE LIST OF FREQUENT ATTRIBUTE VALUES

107

108

109

110

111

112

113

APPENDIX D:
DECISION TREE RULES
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DECISION TREE RULES
1. Outpatient Encounters <= 31 [ Mode: NoReadmissions]
o Comorbidities <= 4 [ Mode: NoReadmissions ]
 RXCount <= 9 [ Mode: NoReadmissions ]
 Region <= 3 [ Mode: NoReadmissions ]
o Period Of Service in [ "ACTIVE DUTY" "KOREAN" "Other"
"POST-KOREAN" "VIETNAM ERA" "WORLD WAR II" ] [
Mode: NoReadmissions ] => NoReadmissions
o Period Of Service in [ "OTHER" "PERSIAN GULF WAR"
"POST-VIETNAM" ] [ Mode: NoReadmissions ] =>
NoReadmissions
 Region > 3 [ Mode: NoReadmissions ] => NoReadmissions
 RXCount > 9 [ Mode: NoReadmissions ] => NoReadmissions
o Comorbidities > 4 and Comorbidities <= 9 [ Mode: NoReadmissions ] =>
NoReadmissions
o Comorbidities > 9 [ Mode: NoReadmissions ] => NoReadmissions
2. Outpatient Encounters > 31 and Outpatient Encounters <= 46 [ Mode: NoReadmissions ]
o Region <= 3 [ Mode: NoReadmissions ]
 VISN <= 7 [ Mode: NoReadmissions ] => NoReadmissions
 VISN > 7 and VISN <= 12 [ Mode: NoReadmissions ] => NoReadmissions
 VISN > 12 and VISN <= 16 [ Mode: NoReadmissions ] => NoReadmissions
 VISN > 16 [ Mode: NoReadmissions ] => NoReadmissions
o Region > 3 [ Mode: NoReadmissions ] => NoReadmissions
3. Outpatient Encounters > 46 and Outpatient Encounters <= 61 [ Mode: NoReadmissions ]
o VISN <= 5 [ Mode: NoReadmissions ] => NoReadmissions
o VISN > 5 and VISN <= 8 [ Mode: NoReadmissions ]
 Period Of Service in [ "KOREAN" "POST-VIETNAM" "VIETNAM ERA" ] [
Mode: NoReadmissions ] => NoReadmissions
 Period Of Service in [ "OTHER" "Other" "PERSIAN GULF WAR" "POSTKOREAN" "SPANISH AMERICAN" "WORLD WAR II" ] [ Mode:
NoReadmissions ] => NoReadmissions
o VISN > 8 and VISN <= 12 [ Mode: NoReadmissions ] => NoReadmissions
o VISN > 12 and VISN <= 16 [ Mode: NoReadmissions ] => NoReadmissions
o VISN > 16 [ Mode: NoReadmissions ] => NoReadmissions
4. Outpatient Encounters > 61 and Outpatient Encounters <= 79 [ Mode: NoReadmissions ]
o VISN <= 5 [ Mode: NoReadmissions ] => NoReadmissions
o VISN > 5 and VISN <= 8 [ Mode: NoReadmissions ] => NoReadmissions
o VISN > 8 and VISN <= 12 [ Mode: NoReadmissions ] => NoReadmissions
o VISN > 12 and VISN <= 16 [ Mode: NoReadmissions ] => NoReadmissions
o VISN > 16 [ Mode: NoReadmissions ]
 RXCount <= 17 [ Mode: NoReadmissions ] => NoReadmissions
 RXCount > 17 [ Mode: NoReadmissions ] => NoReadmissions
5. Outpatient Encounters > 79 and Outpatient Encounters <= 101 [ Mode: NoReadmissions ]
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6.

7.

8.

9.

o VISN <= 5 [ Mode: 30dayReadmit ] => 30dayReadmit
o VISN > 5 and VISN <= 8 [ Mode: NoReadmissions ] => NoReadmissions
o VISN > 8 and VISN <= 12 [ Mode: NoReadmissions ] => NoReadmissions
o VISN > 12 and VISN <= 16 [ Mode: NoReadmissions ] => NoReadmissions
o VISN > 16 and VISN <= 21 [ Mode: NoReadmissions ] => NoReadmissions
o VISN > 21 [ Mode: NoReadmissions ] => NoReadmissions
Outpatient Encounters > 101 and Outpatient Encounters <= 129 [ Mode: 30dayReadmit ]
o VISN <= 5 [ Mode: 30dayReadmit ] => 30dayReadmit
o VISN > 5 and VISN <= 8 [ Mode: NoReadmissions ] => NoReadmissions
o VISN > 8 and VISN <= 12 [ Mode: 30dayReadmit ] => 30dayReadmit
o VISN > 12 and VISN <= 16 [ Mode: NoReadmissions ] => NoReadmissions
o VISN > 16 [ Mode: 30dayReadmit ]
 ServiceConnection in [ "AID & ATTENDANCE" "HUMANITARIAN
EMERGENCY" "NSC" "NSC, VA PENSION" "SC LESS THAN 50%" ] [
Mode: 30dayReadmit ] => 30dayReadmit
 ServiceConnection in [ "CHAMPVA" "OTHER" "SERVICE CONNECTED
50% to 100%" ] [ Mode: NoReadmissions ] => NoReadmissions
Outpatient Encounters > 129 and Outpatient Encounters <= 166 [ Mode: 30dayReadmit ]
o VISN <= 5 [ Mode: 30dayReadmit ] => 30dayReadmit
o VISN > 5 and VISN <= 8 [ Mode: 30dayReadmit ] => 30dayReadmit
o VISN > 8 and VISN <= 10 [ Mode: 30dayReadmit ] => 30dayReadmit
o VISN > 10 and VISN <= 16 [ Mode: 30dayReadmit ]
 Comorbidities <= 7 [ Mode: 30dayReadmit ] => 30dayReadmit
 Comorbidities > 7 [ Mode: 30dayReadmit ] => 30dayReadmit
o VISN > 16 [ Mode: 30dayReadmit ]
 Region <= 1 [ Mode: 30dayReadmit ] => 30dayReadmit
 Region > 1 [ Mode: 30dayReadmit ] => 30dayReadmit
Outpatient Encounters > 166 and Outpatient Encounters <= 215 [ Mode: 30dayReadmit ]
o RXCount <= 29 [ Mode: 30dayReadmit ]
 ServiceConnection in [ "AID & ATTENDANCE" "CHAMPVA"
"HUMANITARIAN EMERGENCY" "NSC" "NSC, VA PENSION"
"PURPLE HEART RECIPIENT" "SC LESS THAN 50%" ] [ Mode:
30dayReadmit ] => 30dayReadmit
 ServiceConnection in [ "SERVICE CONNECTED 50% to 100%" ] [ Mode:
30dayReadmit ] => 30dayReadmit
o RXCount > 29 and RXCount <= 48 [ Mode: 30dayReadmit ]
 ServiceConnection in [ "AID & ATTENDANCE" "NSC" "NSC, VA
PENSION" "PURPLE HEART RECIPIENT" "SC LESS THAN 50%" ] [
Mode: 30dayReadmit ] => 30dayReadmit
 ServiceConnection in [ "HUMANITARIAN EMERGENCY" "SERVICE
CONNECTED 50% to 100%" ] [ Mode: 30dayReadmit ] => 30dayReadmit
o RXCount > 48 [ Mode: 30dayReadmit ] => 30dayReadmit
Outpatient Encounters > 215 and Outpatient Encounters <= 299 [ Mode: 30dayReadmit ]
o RXCount <= 29 [ Mode: 30dayReadmit ] => 30dayReadmit
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o RXCount > 29 and RXCount <= 66 [ Mode: 30dayReadmit ]
 ServiceConnection in [ "AID & ATTENDANCE" "CHAMPVA" "NSC"
"NSC, VA PENSION" "SC LESS THAN 50%" ] [ Mode: 30dayReadmit ] =>
30dayReadmit
 ServiceConnection in [ "HUMANITARIAN EMERGENCY" "SERVICE
CONNECTED 50% to 100%" ] [ Mode: 30dayReadmit ] => 30dayReadmit
o RXCount > 66 [ Mode: 30dayReadmit ] => 30dayReadmit
10. Outpatient Encounters > 299 [ Mode: 30dayReadmit ]
o RXCount <= 37 [ Mode: 30dayReadmit ] => 30dayReadmit
o RXCount > 37 and RXCount <= 66 [ Mode: 30dayReadmit ] => 30dayReadmit
o RXCount > 66 [ Mode: 30dayReadmit ]
 Period Of Service in [ "KOREAN" "OTHER" "Other" "POST-KOREAN"
"VIETNAM ERA" "WORLD WAR II" ] [ Mode: 30dayReadmit ] =>
30dayReadmit
 Period Of Service in [ "PERSIAN GULF WAR" "POST-VIETNAM" ] [
Mode: 30dayReadmit ] => 30dayReadmit
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