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Abstract of Praxis

Cardiac events are among the leading causes of death in the United States and cardiac
healthcare costs continue to rise. However, preventive care is not accessible to everyone
in this country. Many counties lack cardiologists, and limited healthcare resources
contribute to variations in treatments and patient outcomes. Predictive models that
estimate lengths of stay (LOS) and patient outcomes across different healthcare settings,
including 30-day readmissions, provide valuable forecasts for patients, healthcare
administrators, and insurance providers. Understanding these variations through
predictive modeling enables healthcare professionals to make data-driven improvements
to cardiac treatments. LOS is a key metric used to assess hospital costs and compare
different hospital types. High readmission rates are also considered, as they often indicate
longer LOS. The predictive model developed for this Praxis analyzes patient cardiac
outcomes at academic medical centers, rural hospitals (including federally qualified
health centers [FQHCs]), and urban hospitals. The model serves as a tool to determine
whether total hospital charges are lower in rural hospitals compared to urban hospitals
and academic medical centers (AMCs). The goal is for administrators, patients, and

health insurance providers to use the model to compare cost-effective health outcomes.
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1 Chapter One — Introduction

1.1 Background

In 2020, medical costs in the United States accounted for 19.7 percent of the gross
national product (GNP), or $4.1 trillion (Fodero & Bailey, 2023). According to Olin and
Rhoades (2005), the five primary medical conditions impacting medical expenditures in
the United States are heart conditions, cancer, trauma, mental disorders, and pulmonary
conditions. Cancer and heart conditions were found to have similarly high medical

expenditures (Olin & Rhoades, 2005).

Figure 1 - Percentage of healthcare expenditures for

the five most costly health conditions.

[ wmisa7 D2002 |

53
5.4 52 5.6

Parcent
L2

Heart conditions Cancer Trauma Mental disorders Pulmonary
conditions

Sourca: Center for Financing, Access, and Cosl Trends, AHRQ), Household Companent of the Medical Expenditure Panal Survay,
HC-020 (1987) and HC-070 (2002)

Note. From Olin, G. L., & Rhoades, J. A. (2005). The five most costly medical conditions, 1997 and 2002:
Estimates for the U.S. civilian noninstitutionalized population. (Statistical Brief #80). AHRQ Medical Expenditure
Panel Survey. https://meps.ahrg.gov/data_files/publications/st80/stat80.shtml
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As shown in Figure 1, during the study period (1997-2002), heart conditions
accounted for between 8.3 percent of total healthcare costs in 2002 and 10.4 percent in

1997 (Olin and Rhoades, 2005).

Advances in healthcare, particularly cardiac healthcare. for elderly adults have
increased life expectancy in the U.S. (Nundy et al., 2022). However, increased lifespans

have placed stress on Medicare, the primary medical insurance source for senior citizens.

Most cardiac events occur in patients over age 65 and are associated with high
morbidity and mortality rates (Robertson et al., 2012). In addition to factors of age and
comorbidities, many people have poor diets, smoke, or have inconsistent access to
healthcare, thus increasing their risk of cardiac conditions as well as the burden on the
healthcare system (Robertson et al., 2012). Managing cardiac events places a significant
burden on healthcare systems, particularly as aging populations and comorbidities
increase. According to Biniek, Medicare enrollment has increased at a “steady rate,”
while enrollment in Medicare Advantage Plans (Part C), the private insurance plan
“alternative to Medicare,” has “more than doubled in the last decade” (Biniek, 2021, p.
2). Increased enrollment in Medicare without an increase in physicians or facilities

strains the medical system (Biniek, 2021, p. 1).

Understanding the impact of differences in patient care and outcomes across
medical facilities can improve overall patient outcomes. As Nundy et al. (2022, p. 521)
emphasized, “Improving population health, enhancing the healthcare experience, and

reducing costs are the triple aim in healthcare”, using the term coined by the Institute for



Healthcare Improvement (IHI) for these goals. In addition, “health equity” is a critical
consideration, as it focuses on “individuals and communities that need innovation and
improvements in healthcare” (Nundy et al., 2022, p. 521). Healthcare providers must
identify “disparities in treatments” and use “evidence-based intervention” to reduce
inequities (Nundy et al., 2022, p. 522). Big Data analytics (BDA) plays a role in
identifying such healthcare disparities (Sadineni, 2020). For example, healthcare
predictive analytics can help to detect “areas of deficiency in healthcare sectors” (Nundy
et al, 2022, p. 522). Data analytics facilitates “predictive analytics,” making it possible to
perform such predictive analyses on “healthcare data sets” (Nundy et al., 2022, p. 522).
These analyses can identify gaps in services and contribute to improve healthcare

delivery (Sadineni, 2020).

This Praxis examined patient-level data to create a predictive model using the
length of stay (LOS) as a key variable (Robertson et al., 2012). In general, patients with

shorter LOS have better outcomes (Samsky et al., 2019).

Specifically, the Praxis analyzed patterns of care, hospital type, and patient
outcomes to forecast patient costs. The Praxis focused on data from three types of
healthcare facilities: academic medical centers, urban hospitals, and rural hospitals.

1.2 Research Motivation

This Praxis explored how a predictive model can statistically correlate differences
in costs for cardiac event patients across rural hospitals, urban hospitals, and AMCs.

Hospital and Medicare administrators, physicians, and insurance companies also can use



the model to understand and improve cost-effective healthcare. Patients can use the

model to determine the most cost-effective treatment options.

For those living in rural areas with limited access to cardiac care, it is essential to
understand differences in patient outcomes and costs across healthcare settings (Hatler,
2006). From a cost standpoint, rural hospital administrators must also evaluate strategies
to manage expenses effectively (Hatler, 2006). Patients, physicians, and insurance
companies are interested in patient outcomes because they “reflect” the effectiveness of
medical treatment systems (Hatler, 2006, p. 246). A growing trend in healthcare is to
empower patients with information about expected care outcomes and involve them in
designing their care plans (Hatler, 2006). This information can assist patients in making

more informed decisions about where they access care (Hatler, 2006).

AMCs have access to cardiac care research and specialized medical staff. If rural
or urban hospitals had access to AMC expertise, they could potentially deliver similar
levels of care (Bejjanki et al., 2018). Rural hospitals affiliated with AMCs benefit from
research-based systems that establish standardized care pathways (Bejjanki et al., 2018).
These systems integrate research findings into electronic medical records and provide
automated alerts to help providers adhere to standard care practices (Bejjanki et al.,
2018). These electronic alerts, known as best practice alerts, enhance the consistency of
patient care (Bejjanki et al., 2018). Community hospitals without AMC affiliation tend to
have higher readmission rates and lower survival rates for cardiac patients than AMCs

(Jeong et al., 2020).



Many AMCs use six sigma methodologies to improve processes, reduce variation,
and ensure adherence to best practices across facilities (Jeong et al., 2020). Medical
centers incorporating statistical methods to measure patient outcomes have been
relatively successful in predicting future cardiac events and patient outcomes (Jeong et
al., 2020). Regression models exist for predicting hospital stays for cardiac events, but
few studies have examined patient costs across different types of medical facilities (Jeong

et al., 2020).

Rural hospitals may struggle to staff their cardiac units without sufficient data to
understand community needs and forecast demand (Fleishon et al., 2016). Additionally,

these hospitals often lack the financial resources to hire specialists.

Moreover, all hospitals receiving Medicare funding are required to conduct a
community needs assessment every three years to maintain their non-profit status
(Fleishon et al., 2016). A predictive model that estimates patient total costs could help

rural hospitals determine whether joining an AMC system would be cost-effective.

Current research indicates that rural hospitals join academic center hospitals as
part of a healthcare system to “integrate” into the larger research facility (Fleishon et al.,
2016). This integration allows rural hospitals to utilize the AMC’s substantial resources
for providers, imaging, laboratory testing capabilities, and scientific research (Fleishon et

al., 2016).

In addition to accessing a cardiologist, patients with heart ailments are typically
cared for by a healthcare team (American Heart Association [AHA], n.d.). This team

includes primary care doctors, dietitians, mental health professionals, and pharmacists.
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Extensive research using Medicare data has shown that initial admission costs are
higher for AMCs but decrease post-treatment compared to community hospitals (Fodero
& Bailey, 2023). However, no research has analyzed cardiac event treatments at
academic medical centers versus rural hospitals or urban hospitals (Fodero & Bailey,
2023). While cancer care has already been studied in rural, urban hospitals, and AMC:s, it
is understood that overall treatment costs for cancer patients are lower at AMCs due to
their lower 30-day readmission rates (Fodero & Bailey, 2023). The Fodero and Bailey
paper, “Comparing hospital costs and length of stay for cancer patients in New York
State Comprehensive Cancer Centers versus nondesignated academic centers and
community hospitals,” examined care differences for cancer patients within a single U.S.

state (Fodero & Bailey, 2023, p. 1178).

The goals for the predictive model developed in this Praxis align with those of
The Affordable Care Act (ACA) and Medicare’s shift to a pay-for-value methodology
instead of pay-for service, as described by Lewis et al. (2023). ACA emphasizes public
outcomes and quality data to help patients make more informed decisions about their
healthcare (Lewis et al., 2023). Value-based care “ties the amount healthcare providers
earn for their services to the results they deliver for their patients, such as the quality,
equity, and cost of care” (Lewis et al., 2023, p. 1). This system uses financial incentives
to hold healthcare providers “accountable for improving patient outcomes” (Lewis et al.,
2023, p. 2).

1.3 Problem Statement

The problem statement for this Praxis is as follows:



Less than half of U.S. counties have access to cardiologists, leading to

inconsistent patient outcomes (Kim et al., 2024).

Patients with cardiac disease experience varying outcomes depending on their
location. A study by Kim et al. (2024) found that 86.2 percent of rural counties in the
United States lack cardiologists. Consequently, life expectancy for individuals with
cardiac disease is lower in small towns and rural areas than in regions with cardiologist
access. The counties without cardiologists are predominantly rural and often have
significant poverty levels (Kim et al., 2024). Cardiac risk is considerably higher in
counties without a cardiologist (Kim et al., 2024). Figure 2 summarizes the differences

between counties with and without cardiologists.



Figure 2 - Tabular summation of the principal county differences.

Counties Without Counties With
Cardiologists Cardiologists
(n = 1,454) (n =1,689)

No. of cardiologists® 4] 24
Round trip to nearest cardiologist, miles” 871 163
Population size” 15,084 182,234
Non-Hispanic Black™ 89 8.7
Hispanic” 9.2 10.3
Non-Hispanic White™- 75.7 747
Non-Hispanic Asian” 0.68 2.02
Mon-Hispanic American IndianfAlaskan Native®™ 2n 0.97
Living in rural region” 85.9 453
Median househald income® $53,997 63,148
Uninsured® 136 1.6
Life expectancy, y° 76.4 73
Cardiovascular rick index"? 28 21
Adult obesity’ 85 6.4
Adult diabetes' 1.0 10.2
Adult smokers” 20.2 18.0
Adult high blood pressure’ 335 ne9
Adult high cholesterol s n.o
Food envirenment index™" 72 716
Primary care physicians per 100,000° 40.86 6321
Preventable hospital stays per 100,000 Medicare enrollees” 3,090.37 2.917.24
Age-adjusted cardiovascular mortality rate per 100,000 281.56 269.02

Values % unless otherwise indicated. “Data source: HealthLink Dimensions. "Data source: American Community
Survey S-year Data (2008-2021). “All differences are P < 0,05 except those indicated with ¢ footnote. “Data
source: Urban area data from the 2020 Census. "Data source: County Health Rankings and Roadmaps (2023).
"Nata source: Places: County data, Center for Disease Control and Prevention (2023). *Cardiovascular risk index,
ranging O (Low risk) to 5 (high risk), is the sum of a county's cardiovascular disease (CVD) risk factor scores, each
equal to 1 if the county had a prevalence higher than the national awverage. CVD risk factors incluede obesity,
diabetes, smoking, high blood pressure, and high cholesterol. "Envircnment food index estimates from O (worst)
to 10 (best) for access to healthy food. '‘Data source: WONDER, Center for Disease Control and Prevention (19949-
2020).

Note. From Kim, J. H., Cisneros, T., Nguyen, A., van Meijgaard, J., & Warraich, H. J. (2024). Geographic
disparities in access to cardiologists in the United States. Journal of the American College of Cardiology, 84(3), 315—
316. https://doi.org/10.1016/j.jacc.2024.04.054

1.4 Thesis Statement

The thesis statement for this Praxis is as follows:

A prediction tool, based on a regression model, can forecast total charges for

cardiac events in different healthcare settings.



https://doi.org/10.1016/j.jacc.2024.04.054

Cardiac patients and hospital administrators can use a predictive model to assess
medical outcomes such as length of stay, health outcomes, and total charges when
choosing care options. Patients benefit from “medical information,” which provides them
with the “empowerment” to make “intelligent healthcare decisions” (DeMaria, 2008, p.

1505).

1.5 Research Objectives

Hospital administrators can use the predictive model (regression model) to
understand care disparities across different healthcare institutions. The findings will
demonstrate that affiliations between AMCs and rural hospitals improve patient
outcomes. Increased access to cardiologists may enhance life expectancy for patients at

community hospitals.

The predictive model aims to identify factors influencing hospital stays at AMCs
versus rural hospitals. Specifically, it will analyze to what degree a particular comorbidity

1s associated with a cardiac event.

The Praxis will seek to establish causation, which implies a direct relationship
between variables, rather than mere correlation. The goal is to identify factors that
contribute to longer LOS in rural hospitals, which in turn increase costs. To establish

causation, a directional relationship must be demonstrated (Walpole & Myers, 1978).

The benefits of this Praxis and its predictive model include the following:

1. Hospital administrators: Non-profit institutions must conduct a

needs assessment every three years to maintain tax-exempt status. This tool can



help them identify areas where they are not meeting community healthcare needs,

particularly in achieving the IHI’s Triple Aim.

2. Patients: The model enables patients to make more informed

decisions about where they access care.

3. Health insurance companies: Insurers should understand clinical
outcomes at their “in-network” facilities to determine which facilities and which
hospitals to keep in the network. While rural communities may not be directly
affected, insurance companies could increase audits or implement incentives to

improve hospital performance.

1.6 Research Questions and Hypotheses
The following research questions (RQs) and hypotheses are addressed in this

Praxis:

RQ1: Is the readmission rate for a hospital stay at a rural hospital higher than an

AMC for a cardiac event?

RQ2: Do cardiac patients’ lengths of stay vary across the three types of medical

centers?

RQ3: Do AMCs have lower morbidity rates for cardiac patients?

H1: Patient readmission rates vary across the three types of medical centers.

H2: A cardiac patient’s LOS varies based on the hospital type.

H3: Cardiac patient outcomes (morbidity rates) are improved at AMCs.
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1.7 Scope of Research

By analyzing hospital LOS and patient costs in rural, urban hospitals, and AMCs
the research aims to determine the causation between LOS and 30-day readmission rates
and the impact on total costs. The model can help patients and medical personnel identify
the most cost-effective treatment center. Additionally, the study will examine common
factors associated with cardiac events in rural communities, where higher cardiac event

rates are linked to lifestyle choices and disparities in accessing preventive care.

This Praxis builds on Hatler’s (2006) research, which examined cardiac patient
care outcomes in teaching versus non-teaching hospitals. Hatler’s study focused on
“linking health care activities, health care costs and outcomes of care” but did not
compare cardiac outcomes among rural hospitals, urban hospitals, and AMCs (Hatler,
2006, p. 247). Additionally, Hatler analyzed hospital organization characteristics and
cardiac work units but did not consider pre-hospitalization care. Moreover, the research
did not examine large, commercial, for-profit medical systems. Figure 3 illustrates the
significant impact of organizational and work unit characteristics on hospital outcomes,

such as derived length of stay and direct costs (Hatler, 2006).
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Figure 3 - Hatler theoretical model — Predictor variables for organizational
outcomes

Organizational Characteristics
Teaching status
Location, size
Volume of cases/ DRG
Technology availability
Medicare case mix index
Work group skill mix

Organizational Outcomes
Derived length of stay
Direct costs

Work Unit Characteristics
Perception of empowerment
Perception of collaboration
Perception of control over nursing
practice
Perception of staffing adequacy

Patient Outcomes
Death
Meed for emergent CABG
or return to cath lab
Major adverse cardiac event

Patient Characteristics
Age
Co-morbidities
Socioeconomic status

Note. From Hatler, C. W. (2006). Influence of hospital context on cost and length of stay following cardiac
catheterization. Nursing Economics, 24(5), 246-252.
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1.8 Research Limitations
The research evaluates patient outcomes between a rural hospital, an urban
hospital, and an AMC for cardiac events. This Praxis is limited to patient costs and

readmissions at rural, urban, and teaching hospitals in the United States.

1.9 Organization of Praxis

This Praxis follows a five-chapter format, as outlined by The George Washington
University Graduate School of Engineering and Applied Science template. Chapter One
introduces the topic, provides background on the problem, presents the thesis statement,
includes research questions, and concludes with the research scope and limitations.
Chapter Two reviews the literature supporting the development of this Praxis. Chapter
Three details the statistical methodology used to develop the predictive model. Chapter
Four presents the study’s findings and results. Chapter Five offers the conclusion,
summarizes the study, discusses its contributions to the field, and provides

recommendations for further research.
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2 Chapter Two — Literature Review

2.1 Introduction

This chapter reviews literature relevant to the development of this Praxis. It
begins with studies on health equity and cardiac events and then examines how different
types of hospitals manage cardiac patient outcomes. It concludes with an analysis of
factors affecting cardiac healthcare treatment, including the availability of cardiologists,

hospital LOS, patient state of residence, and comorbidities.

2.2 Health Equity

Research on cardiac events must account for health equity, which is defined as
“the state in which everyone can attain their full health potential, and no one is
disadvantaged from achieving this potential” (Nundy et al., 2022, p. 521). Health
inequities disproportionately impact low-income populations, minorities, people with
disabilities, and the elderly (Nundy et al., 2022, p. 521). These disparities arise from
multiple factors, including “structural racism, educational attainment, access to healthy

food, and healthcare accessibility” (Nundy et al., 2022, p. 521).

Studies by the National Academy of Medicine examine ‘“‘healthcare disparities”
and provide “recommendations to improve the availability of hospital care and
community-based care” (Nundy et al., 2022, p. 521). However, it remains challenging to
“change healthcare delivery and clinical practice” (Nundy et al., 2022, p. 521).
Healthcare providers are educated on how to “improve on health outcomes” yet doing so

requires “identifying disparities and implementing evidence-based fixes to reduce
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disparities” (Nundy et al., 2022, p. 522). Collecting statistical data on patient outcomes is

crucial for measuring and addressing these disparities (Nundy et al., 2022, p. 522).

To mitigate healthcare disparities, providers must understand patients’ social
needs, including poverty, nutrition, and healthcare access (Nundy et al., 2022, p. 522).
Effective interventions should employ evidence-based methods, including statistical
models for predicting healthcare outcomes. Additionally, patient care plans should be

culturally sensitive (Nundy et al., 2022).

Healthcare policy leadership must establish standards and develop effective ways
to “achieve the standards” (Nundy et al., 2022, p. 522). Gathering patient data and
statistically analyzing healthcare inequities can improve understanding of their root
causes (Nundy et al., 2022). Healthcare models that include patient demographics, such
as state of residence, can reveal regional disparities in heart disease prevalence and help

identify contributing factors (Nundy et al., 2022).

2.3 Health Outcomes for Cardiac Patients in Rural Areas versus Urban

Areas

Cardiac patients treated at rural hospitals experience different outcomes than
those treated at urban hospitals. A study conducted at a rural hospital in Georgia found
that patients had higher 30-day readmission rates than patients from urban hospitals

within the state (Young et al., 2016).
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The Georgia study compared clinical outcomes for rural cardiac patients using
“repeated measures” in a randomized clinical trial (Young et al., 2016, p. 2). The study
focused on patients recently discharged from hospitals for heart failure. The rural patient
group was divided into two subgroups: one received training on improving cardiac
health, while the control subgroup received no training. The goal of the study was to
determine whether adherence to “cardiac self-management guidelines” reduced
readmission rates. Additionally, it noted differences in the behaviors of rural and urban
patients who received training. Historically, “strategies involving self-management” in
cardiac care have been developed for urban populations, without considering rural
patients’ unique challenges, such as cultural differences and limited access to specialized

care (Young et al., 2016, p. 2).

Urban patients typically benefit from the presence of heart specialists and “multi-
disciplinary heart failure management teams” (Young et al., 2016, p. 2). In contrast, rural
patients require greater “self-management knowledge” and improved “‘health literacy”
(Young et al., 2016, p. 3). Due to limited heart failure-specific knowledge and support,
rural patients are less likely to follow self-management recommendations (Young et al.,
2016, p. 4). The Young et al. (2016) study developed a set of interventions to improve
heart failure management among rural patients, evaluating the following three key

factors:

1) Examine patient adherence to self-management over a three-to-six-month
evaluation period, 2) Evaluate the impact of patient self-management on patient

readmission rates at 30, 90 and 180—days of self-management, and 3) Evaluate the
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impact on training the patient on self-management with a control group

comparison before and after training (Young et al., 2016, p. 4).

The Young et al. (2016) study found that training in cardiac self-management—
focusing on diet, exercise, medication adherence—improved patients’ self-management
behaviors (Young et al., 2016). However, obesity and other biomarkers did not change
rural heart patient outcomes (Young et al., 2016). Only five percent of rural patients
adhered strictly to sodium restrictions, and none met the full self-management guidelines
necessary for improving heart conditions (Young et al., 2016). While readmission rates
did not decrease, trained patients were more aware of cardiac event symptoms and sought
treatment earlier than those without training (Young et al., 2016). The readmission rate
remains a “national priority for heart patients because of its impact on health outcomes

and healthcare costs” (Young et al., 2016, p. 6).

The study’s findings indicate that gaps in “care and outcomes for cardiac patients
in rural hospitals” persist and have widened despite efforts to improve gaps in rural health
outcomes (Young et al., 2016, p. 6). The study suggests that rural patients may lack
access to quality hospital care and face “barriers to post-cardiac event healthcare” (Young

etal., 2016, p. 6).

In recent years, rural hospital infrastructure has declined, leading many rural
hospitals to transfer patients to urban medical centers (Loccoh et al., 2022). However, no
studies have examined whether rural cardiac outcomes worsen when patients must wait

more than five days for a transfer to an urban hospital (Loccoh et al., 2022).
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As noted by Loccoh et al. (2022), “More than 130 rural hospitals have closed
since 2010,” making it more difficult for patients who have cardiac events requiring
emergency care (Loccoh et al., 2022, p. 267). The closure of rural hospitals has impacted
rural patients’ ability to receive timely treatment for life-threatening cardiac events. It is
crucial to study how patients are treated and their outcomes in both rural and urban

settings (Loccoh et al., 2022).

The Loccoh et al. (2022) study examined three key questions:

1 Did treatment pathways and “mortality rates differ for Medicare patients”
in rural hospitals versus urban hospitals?

2 Were the outcomes for standalone community hospital patients versus
urban hospital patients due to differences in “resources/capabilities” and
“delivery of care”?

3 Were the differences between rural hospital patients versus urban hospitals

greater in different geographic settings in the U.S.

(Loccoh et al., 2022, p. 246).

The results of the study show that mortality rates for patients treated at rural
hospitals were higher than those treated in urban hospitals (Loccoh et al., 2022). There
were no differences in 30-day hospital readmission rates, regardless of health condition,
between rural hospitals and urban hospitals (Loccoh et al., 2022). The gap between the
hospital types varied by geographic region (Loccoh et al., 2022). For example, heart
failure (HF), was higher in all rural regions of the U.S. except the Middle Atlantic region

(Loccoh et al., 2022). Mortality rates for some cardiac conditions were the same in rural
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regions as in urban regions, in areas such as “New England, South Atlantic, Mountain,
and East South-Central locations” (Loccoh et al., 2022, p. 247). These gaps persist due to
several factors, including the closure of rural hospitals (Loccoh et al., 2022).
Additionally, geographic differences in patient outcomes across the U.S. necessitate
“public healthcare strategies” to improve “care delivery in rural areas” (Loccoh et al.,

2022, p. 269).

Moving patients from rural hospitals to regional hospitals with established cardiac
treatment protocols has been shown to close treatment gaps (Loccoh et al., 2022). Figure
4 depicts differences in 30-day mortality rates between rural hospitals and urban

hospitals.
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Figure 4 - 30-day mortality rates for cardiac events at rural and urban hospitals.

30-Day Mortality Rates

16 P <0.001
14.9
P<0.001

12.9

P <0.001
11

30-Day Observed Mortality Rates, %

Acute Myocardial Infarction Heart Failure Ischemic Stroke
m Rural Hospital m Urban Hospital

Note. From Loccoh, E. C., Joynt Maddox, K. E., Wang, Y., Kazi, D. S., Yeh, R. W., & Wadhera, R. K. (2022).
Rural-urban disparities in outcomes of myocardial infarction, heart failure, and stroke in the United States. Journal of
the American College of Cardiology, 79(3), 267-279. https://doi.org/10.1016/j.jacc.2021.10.045

2.4 Health Outcomes for Cardiac Patients for AMC-Affiliated Hospitals

Researchers have shown that hospitals can improve cardiac patient outcomes
when they partner with AMCs. (Kurlansky et al., 2012). A Columbia University Irving
Medical Center study examined outcomes for coronary artery bypass surgery when care
processes were enhanced by an AMC-developed quality improvement program
(Kurlansky et al., 2012). The study concerned patients in five rural cardiac surgery

programs affiliated with Columbia University from 2007 to 2009 (Kurlansky et al.,
20
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2012). These programs were part of a project called “Heart Source,” with a team
consisting of senior cardiologists, senior clinicians, business managers, and
administrators (Kurlansky et al., 2012). The team members were all part of the Surgery
and Cardiology Department at Columbia University Irving Medical Center, and the
purpose of the project was to work with community hospitals to enhance cardiac care

(Kurlansky et al., 2012).

The program involved Columbia University medical faculty in quality
improvement, planning, physician recruitment, regular rounds, and physician consultation
at the five rural hospitals (Kurlansky et al., 2012). All participating rural hospitals had
been affiliated with Columbia University Irving Medical Center for at least one year
before the study commenced. The study population consisted of 2,218 patients
undergoing coronary bypass surgery, with key patient outcomes including mortality and

morbidity (Kurlansky et al., 2012).

The study examined whether hospitals with a high volume of coronary artery
bypass grafting (CABG) procedures had better surgical outcomes than low-volume
hospitals (Kurlansky et al., 2012). High Volume (HV) was defined as 200 or more such
surgeries per year and Low Volume (LV) was defined as fewer than 200 per year. While
other studies have supported the conclusion that there is a correlation between a high case
volume and decreased operative mortality, Kurlansky et al. (2012) found that for CABG
surgeries, quality improvement programs had a bigger impact than case volume. The
findings indicated that rural hospitals affiliated with an AMC and participating in a

quality improvement program displayed improved CABG surgical outcomes and lower
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morbidity rates (Kurlansky et al., 2012). It was concluded that when rural hospitals
worked with AMCs to improve the hospital organization, CABG results improved
(Kurlansky et al., 2012). The results suggest that a healthcare organization should focus
on quality improvements rather than solely on case volume. Rural hospitals that affiliated
with Columbia University Irving Medical Center and focused on “evidence-based quality
standards” showed “greater improvements with CABG surgeries” (Kurlansky et al.,

2012, p. 287).

The Columbia University study showed that sharing registry data with rural
hospitals reduced morbidity rates, regardless of the surgical volume at such hospitals.
These registries allow cardiologists to track and share improvements in CABG
techniques with other surgeons in rural areas. The registry data provide “actual
benchmarks” for cardiologists to use to reduce risks in future surgeries (Kurlansky et al.,
2012, p. 287). Since the inception of mandatory registries, CABG morbidity rates have
declined (Kurlansky et al., 2012). In fact, the sharing of registry data with rural hospitals
reduced CABG morbidity rates regardless of surgical volume. Ultimately, the study
found that if a rural hospital has a “meaningful affiliation” with an AMC, its patient

outcomes improve (Kurlansky et al., 2012, p. 288).

2.5 Factors Associated with High 30-day Readmission Rates

A high 30-day readmission rate has been found to be an indicator of poor
outcomes and is linked to longer hospital LOS. Such readmissions are indicative of “poor
follow-up care” (Rammohan et al., 2023, p. 2). Standardized strategies to improve post-

discharge care can reduce 30-day readmission rates. Rammohan et al. (2023) focused on
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enhanced hospital transition care that included the creation of transition care teams.
Patients at a selected hospital who received care from the teams had a nine percent
readmission rate, compared to the hospital’s baseline of 18 percent (Rammohan et al.,

2023).

Furthermore, a study by Roglieri et al. (1997) found that effective post-discharge

treatment reduced readmissions for congestive heart failure patients by 83 percent.

Readmissions within 30 days strain hospital resources, due to the need for
additional diagnostic tests, extended hospital stays, and Medicare’s financial penalties for
hospitals with high 30-day readmission rates. High 30-day readmission rates not only
result in financial penalties for the hospital but also “deter new patients from using the
hospital” (Rammohan et al., 2023, p.1). Thirty-day readmissions strain hospital resources
and are indicative of poor initial treatment, “poor discharge planning,” and inadequate

follow-up care (Rammohan et al., 2023, p. 3).

Given the importance of post-discharge care, researchers seek ways to reduce 30-
day readmission rates and develop standardized strategies for improvement. Rammohan
et al. (2023) focused on enhancing hospital transition care, finding that 30-day
readmission rates were influenced by patients’ access to medical facilities. Additionally,
patients in rural areas were less likely to conform to medical advice (Rammohan et al.,
2023). These are important considerations, as a study conducted by the Center for Health
Information and Analysis (CHIA) found that the total annual cost to Medicare related to
readmissions is $26 billion dollars, and not all of the “$26 billion of that was

recoverable” (Rammohan et al., 2023, p. 3). The increased costs due to readmissions
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were attributed to additional diagnostic tests and extended hospital stays (Rammohan et

al., 2023).

Patients readmitted within 30 days often express “lower satisfaction with their
hospital treatment” (Rammohan et al., 2023, p. 4). Moreover, readmitted patients have
higher mortality rates and experience worse healthcare quality (Rammohan et al., 2023).
The study results showed that reducing 30-day hospital readmission rate impacts LOS

and alleviates the financial burdens on hospitals (Rammohan et al., 2023, p. 5).

Key ways to improve outcomes include educating patients about their illnesses
and implementing preventive care measures (Rammohan et al., 2023). The study showed
that follow-up care is essential to decrease the 30-day readmission rate (Rammohan et al.,
2023). In fact, access to effective post-discharge treatment was found to reduce cardiac
patient readmissions by 83% (Rammohan et al., 2023). However, to improve post-
discharge treatment and reduce readmissions, doctors in standalone community hospitals
need adequate IT resources to communicate with their counterparts in other types of
medical facilities and to communicate with patients who have limited access to a medical

facility (Rammohan et al., 2023).

2.6 Hospital Disparities in Cardiac Care and Outcomes by Hospital Type

Cardiac patients experience high in-patient mortality rates (Patlolla et al., 2022).
A longitudinal study conducted by Patlolla et al. (2022) at Nassau County Medical Center
in New York examined disparities in cardiac care across hospitals of different sizes. The
study focused on heart patients with acute myocardial infarction (AMI), commonly

known as a heart attack, complicated by cardiac arrest (CA) (Patlolla et al., 2022). A
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heart attack occurs when blood flow to the heart is blocked for an extended period of

time, leading to heart damage.

One characteristic of AMI patients is high in-hospital mortality (Patlolla et al.,
2022). The Patlolla et al. (2022) study found significant disparities in care management,
which were attributed to a lack of standard protocols, the socioeconomic status of the
hospital’s surrounding population, and insufficient patient-centered care (Patlolla et al.,

2022).

The study utilized data from the National Inpatient Sample (NIS), part of the
Healthcare Quality and Utilization Project (HCUP) (Patlolla et al., 2022). This publicly
available database, sponsored by the Agency for Healthcare Research and Quality
(AHRQ), categorizes hospitals as small, medium, or large, based on bed capacity
(Patlolla, 2022). The HCUP data quantifies a hospital with fewer than 250 beds
classified as small, those with 250 to 450 beds as medium, and those with more than 450
beds as large. The HCUP database does not contain patient-identifying information but
includes data on “living admissions, hospital location, and teaching status” (Patlolla et al.,

2022, p. 24).

The study examined in-hospital mortality rates based on hospital location,
capacity, and teaching status. Specifically, it analyzed “cardiac arrest (CA), in-patient
mortality and their treating physician’s use of cardiac and non-cardiac procedures”
(Patlolla et al., 2022, p. 24). Other factors studied included hospital LOS and discharge
patterns in relation to hospital size. The data set encompassed 494,083 AMI-CA

admissions over an 18-year period (January 2000 to December 2017). The study
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population was described as follows: “9.3% patients from rural hospitals, 43.4% from
urban non-teaching hospitals and 47.3% of patients from urban teaching hospitals”
(Patlolla, 2022, p. 24). Unlike this Praxis, Patlolla et al. (2022) did not analyze disparities
in LOS and costs for all cardiac events across hospital types. This Praxis creates a
predictive model for hospital costs based on many factors that include race, sex, and

number of procedures a patient receives while in the hospital.

The Patlolla study results indicated that in-hospital mortality rates were higher in
rural hospitals (see Figure 5) than in teaching or non-teaching urban hospitals (Patlolla et
al., 2022). For the 18-year period, rural and urban teaching hospitals showed a decrease
in in-hospital mortality rates, while urban non-teaching hospitals exhibited a slight
increase (Patlolla et al., 2022). The rural and smaller hospitals had lower rates of
“invasive procedures”, compared to urban hospitals (Patlolla et al., 2022). AMCs and
urban hospitals serve higher numbers of patients with higher-risk comorbidities and
“perform more cardiac and non-cardiac procedures” (Patlolla et al., 2022). In addition,
rural hospitals often lack the capability to perform recommended emergency cardiac
procedures. Overall, the study highlighted disparities in patient care that impacted their

outcomes.

Despite AHA guidelines aimed at improving cardiac arrest patient outcomes,
“patient outcomes vary widely across many hospitals™ (Patlolla et al., 2022, p. 25).
However, despite adherence to AHA guidelines, urban hospitals did not show significant
morbidity rate improvements. Some urban hospitals even had longer hospital LOS due to

the use of more invasive procedures (Patlolla et al., 2022).
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The Patlolla et al. (2022) study did not include information on readmission rates
or delve into patient comorbidities. The study only looked at AMI-CA patients and this
Praxis looks at AMI treatments and CABG. The authors recommended further research
on the management of cardiac patient admissions across different hospital types (Patlolla

etal., 2022).

Figure 5 - Clinical outcomes of AMI-CA admissions stratified by Hospital Type

Clinical outcomes of AMI-CA admissions stratified by hospital characteristics

Characteristic Rural Urban Urban p Value Small Medium Large p Value
(n=45914)  nonteaching teaching (n=48373) (n=128405) (n=317306)
(n=214488) (n=233681)
In-hospital mortality 52.4% 46.4% 43.4% <0.001 48.1% 46.6% 44.7% <0.001
Length of stay (days) 3(1-6) 4 (2-9) 5(2-10) <0.001 4(2-8) 4(2-8) 5(2-10) <0.001
Palliative care consultations 3.0% 344% 5.7% <0001 5.1% 4.6% 4.34% <0001
Do-not-resuscitate status 4.3% 47% 7.0% <0.001 7.6% 6.5% 5.1% <0.001
Hospitalization costs 22.5(9.9-54.1) 57.6(25.6-116.2) 72.3(36.1-141.7) <0.001 48.7(17.9-103) 56.5(23.9-117) 63.4 (29.8-126.8) <0.001
(= 1,000 USD)
Discharge  Home 43.2% 51.8% 58.8% <0.001 46.4% 51.2% 57.0% <0.001
disposition Transfer 33.3% 16.7% 7.3% 24.0% 17.6% 10.3%
Skilled nursing ~ 16.3% 20.6% 21.5% 20.6% 20.8% 20.7%
facility
Home with HHC 6.7% 10.2% 11.7% 8.3% 9.7% 11.3%
Against medical 0.5% 0.7% 0.6% 0.7% 0.6% 0.6%
advice

Note. From Patlolla, S. H., Pajjuru, V. S., Sundaragiri, P. R., Cheungpasitporn, W., Sachdeva, R., McDaniel, M.
C., Kumar, G., Rab, S.T., & Vallabhajosyula, S. (2022). Hospital-level disparities in the management and outcomes of
cardiac arrest complicating acute myocardial infarction. The American Journal of Cardiology, 169, 24-31.
https://doi.org/10.1016/j.amjcard.2021.12.057

2.7 Patient Outcomes with Hospital Participation in the Acute Coronary
Treatment and Intervention QOutcomes Network Registry
A study conducted at Stanford University School of Medicine used publicly

available data from the Centers for Medicare and Medicaid Services (CMS) to examine
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differences in cardiac treatment at two types of hospitals (Mathews et al., 2016). The
Acute Coronary Treatment and Intervention Outcomes Network (ACTION)-Get With
The Guidelines (GWTG) registry was established to “improve the treatment pathways
and patient outcomes to patients with acute myocardial infarction (AMI)” (Mathews et
al., 2016, p. 1). This study analyzed CMS data from the Hospital Compare databases to
compare hospitals participating in GWTG with those that were not (Mathews et al.,

2016).

To enable patients to make better-informed decisions about their healthcare,
which is a goal of this Praxis, the CMS website makes hospital-specific performance and
outcomes data available to the public in the Hospital Compare databases (Mathews et al.,
2016). Hospital Compare data includes observations from over 4,500 hospitals, reporting
on Medicare and non-Medicare patients and covers “hospital performance across a

variety of illnesses, especially AMI” (Mathews et al., 2016, p. 5).

The GWTG program—sponsored by the AHA, which provides guidelines to
hospitals for AMI care, and the American College of Cardiology—aims to “measure and
improve treatment and outcomes for patients with AMI” (Mathews et al., 2016, p. 2).
Hospitals are not required to register with GWTG, but participating hospitals gain access
to publications and data on AMI care (Mathews et al., 2016). These hospitals also receive
feedback on their performance based on “quality measures and patient outcomes”
(Mathews et al., 2016, p. 2). Prior research has shown that hospitals adhering to similar

cardiac guidelines tend to have better patient outcomes (Mathews et al., 2016).
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The study’s authors listed the following study objectives: “1) Evaluate ift GWTG
participating hospitals were representative of hospital care of all hospitals™, “2) Compare
AMI Hospital Care measures and 30-day outcomes between hospitals that do and do not

participate in the GWTG registry” (Mathews et al., 2016, p. 4).

In addition to the Hospital Compare data, which include hospital performance
care measures on AMI and other clinical conditions, as well as thirty-day readmission
rates and mortality rates, Mathews et al. (2016) also considered hospital teaching status

and hospital size.

Using linear mixed modeling, the study compared performance and outcomes
between 502 GWTG-registered hospitals and 502 non-GWTG-registered hospitals
(Mathews et al., 2016). Most of the GWTG hospitals in the study were teaching hospitals.
However, the study found no significant differences in 30-day mortality rates or
readmission rates between GWTG and non-GWTG hospitals (Mathews et al., 2016). The
study’s authors noted that various quality improvement programs and incentive initiatives
available to hospitals may have influenced these findings, emphasizing the need for more
data beyond what is reported in the Hospital Compare database, to support a “deep dive
into finding more clinical differences in patients” (Mathews et al., 2016, p. 4). Expanding
GWTG registry measures over time could improve assessments of hospital quality
performance (Mathews et al., 2016). The study also suggested that additional
demographic data would allow for more precise analyses of hospital performance-based

patient subgroups (Mathews et al., 2016).
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2.8 Comparing Clinical Quality and Costs between AMCs and Standalone
Community Hospitals

This Praxis examined the impact of length of stay on hospital costs. A study using
HCUP data from AHRQ evaluated patients across six states, comparing the cost and
quality of care for patients aged 65 and under at AMCs and standalone community
hospitals (Kane et al., 2004). This study did not focus exclusively on cardiac patient

outcomes.

Findings based on the HCUP data indicated that inpatient costs were significantly
higher at AMCs (Kane et al., 2004). Specifically, patient costs at AMCs were 19 percent
higher than at non-AMC hospitals. However, LOS did not differ significantly between
the two hospital types (Kane et al., 2004). The most frequent poor clinical outcome was
avoidable morbidity, which was comparable across both types of hospitals (Kane et al.,
2004). Higher costs at AMCs were attributed to their “broader mission,” which includes
“education, research, provision of highly specialized care specialized care” (Kane et al.,

2004, p. 3).

The study examined nine dependent variables, including six measures of inpatient
complications: 1) wound infection, 2) pneumonia after invasive procedures, 3)
mechanical issues after implants or grafting, 4) pulmonary compromise after surgery, 5)
urinary tract infections after major surgery, and 6) other effects. (Kane et al., 2004, p. 4).
Other dependent variables included patient costs, LOS, and mortality rates, while
independent variables included AMC designation, state, rural location, patient age,

gender, and patient comorbidities (Kane et al., 2004).
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2.9 Using Data-Driven Methods to Study Hospital Performance

Hospital administrators face significant challenges in managing hospital
operations (Yu et al., 2023). The Yu et al. (2023) study examined how hospitals develop
big data analytics to evaluate performance. Using regression analysis with a sample of
105 Chinese hospitals, the study found that a data-driven culture has a positive effect on

process improvements (Yu et al., 2023).

Big data analytics (BDA) plays a critical role in healthcare by improving the
management of medical resources (Yu et al., 2023). Effective resource management
enhances hospital operational performance in terms of cost, quality, and delivery.
Resource orchestration theory (ROT) suggests that organizations gain a competitive
advantage when they effectively utilize data, human capital, and cultural resources (Yu et
al., 2023). Besides institutional type, organizational culture also plays a key role in
hospital performance. Hospital administrators who employ statistical models using BDA

make more informed decisions than when relying on instincts (Yu et al., 2023).

Yu et al. (2023) concluded that data-driven statistical models help hospitals
identify areas for improvement and pinpoint where process and quality improvements
could reduce costs (Yu et al., 2023). These models provide better testing methods,
improve disease detection and diagnosis, and offer insights into delivering high-quality

and affordable care through optimized resource management (Yu et al., 2023).

2.10 Factors that Impact Heart Disease
A regression model for heart disease must account for factors that impact its

severity. This Praxis, using HCUP data, incorporated major morbidity factors affecting
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cardiac conditions. Literature research provided additional insight into the health factors

and comorbidities influencing heart disease severity.

A study by Tilling et al. (2002) analyzed cardiovascular risk factors through G
estimation, which estimates “contrasts of potential outcomes under a less restricted set of
assumptions than standard regression” (Tilling et al., 2002, p. 710). The researchers
examined past strokes, diabetes, hypertension, obesity, high cholesterol, smoking, and
high blood pressure as key indicators of potential cardiac events (Naimi et al., 2019).
These factors (except smoking, as the HCUP database did not contain smoking data) are
included in the regression model discussed in the following chapter. While smoking is
not considered a comorbidity, it remains a lifestyle risk factor alongside diet and income

level.

2.11 Summary and Conclusion

This literature review established foundational knowledge regarding cardiac
patient outcomes across different hospital settings. It examined LOS at standalone
community hospitals and AMCs and compared patient outcomes at AMCs with those at
smaller hospitals. The reviewed studies demonstrated how regression models built from
publicly available data can be used to identify correlations between patient outcomes and
30-day readmission rates. The next step in this research was to explore whether patient
outcomes differ across the three types of hospitals examined in this Praxis. Further
research can build upon the predictive model developed in this Praxis to forecast the

impact of 30-day readmissions on total hospital charges.
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3  Chapter Three — Methodology
3.1 Introduction
In this chapter, the methodology for researching the Praxis questions and testing
the hypotheses is discussed. The first step was to access the HCUP National Inpatient
Sample (NIS) data, as well as Hospital Compare data, provided by CMS. The next step
was to merge the HCUP data files, clean the HCUP data, and perform the statistical
analyses on both sets of data to test the research findings to validate or reject the Praxis
hypotheses. In the following sections, the research methodology is explained.
3.2 HCUP NIS Data Collection and Preparation
For this Praxis, two statistical software packages containing hypothesis tests and
regression analysis were used. The statistics packages were Stata and Minitab. Stata was
used for the HCUP data because the data set was too large (6.5 million observations and
1,058 variables) for Minitab to handle. In addition, the HCUP data were formatted as
ASCII and the HCUP website provided data formatting files for the Stata statistics

package. Therefore, Minitab was used only for the Hospital Compare data.

3.2.1 HCUP NIS Data Preparation
The HCUP data set the Praxis researcher purchased was the 2020 NIS data set held in
the National Inpatient Sample (NIS) databases (Agency for Healthcare Research and

Quality [AHRQ)], n.d., Introduction to the HCUP National Inpatient Sample [NIS], 2020).

HCUP provides separate data sets for each state, but the NIS data set is a national
data set that includes data from 2,881 hospitals in 48 states and the District of Columbia.

NIS data for 2020 were provided in four separate files that were downloaded on October
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8, 2024, in Zip file format and encrypted. Users of the data set are required to sign a non-
disclosure agreement (NDA). The Praxis Advisor and SME in this project also signed
NDA s so that the data set could be shared and examined by them. As part of the signed
agreement, the data set can only be used for this Praxis.

The AHRQ (part of the US Department of Health and Human Services) provides the
nationwide HCUP databases so that researchers can use them for tracking “national
trends in healthcare utilization, access, hospital charges, quality and outcomes” (AHRQ,

n.d., NIS Overview).

Many researchers access HCUP data because, according to Martin (2013), HCUP
data allows researchers to describe cost trends, describe “hospital quality”, and “describe

hospital characteristics” which are central to this Praxis (Martin, 2013, p. 4).

The data set contains information on patients’ ages, hospitals’ geographic locations,
number of hospital beds, lengths of stay (LOS), hospital charges, patients’ ethnic origins,
deaths, types of hospital, and comorbidities, which are factors examined in this Praxis.

See Figures 6 through 10.

The NIS, in particular, was “designed to produce U.S. regional and national estimates
of inpatient utilization, access, cost, quality, and outcomes” (AHRQ, n.d., NIS

Overview).

The data set was purchased through the HCUP database website. Following payment
confirmation and purchaser verification, the HCUP administrator provides a link to the
data set and sends a separate email containing a key to decrypt the data files. There are

four files that are provided: 1) the Inpatient Core File containing “common data fields”,

34



2) the Disease Severity Measures File, containing data fields concerning the severity of
patients’ symptoms and the likelihood of death or organ failure, 3) the Diagnosis and
Procedure Groups File containing data on up to 18 comorbidities for each patient
observation, and 4) the Hospital File, which links the hospital characteristics to the Core
File and contains information about hospital locations, hospital sizes, and other
characteristics of the treatment centers (AHRQ, n.d., Introduction to the HCUP (NIS)
2020).

Since the focus of this Praxis is on heart patient data related to hospital
characteristics, the Hospital File was merged with the Inpatient Core File, the Diagnosis
and Procedure Groups File, and the Disease Severity Measures File before the data
cleansing process started. Data from the four files links observations with a database key,
which is the Hospital Key field called HOSP_NIS.

Before any data were manipulated or cleansed, data from the download were checked
for accuracy, following the directions provided at https://hcup-

us.ahrqg.gov/tech_assist/centdist.jsp

The HCUP data that were received were compared to the HCUP Summary report for
each of the four data files. The Inpatient Core Summary for the Inpatient Core File

containing over six million observations is displayed in Figures 6-8.
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Figure 6 - Summary Inpatient Core File for HCUP 2020 Data Part 1

Variable / Label N Minimum | Maximum | Mean |Median Sum

I10_MULTINJURY : Multiple ICD-10-CM injuries reported on record 6.471,165 0 1 0.0 0 238,963
I10_NDX : ICD-10-CM Number of diagnoses on this record 6,471,165 0 40 129 12 83,251,044
I10_NPR : ICD-10-PCS Number of procedures on this record 6,471,165 0 25 18 1 11,336,732
I10_SERVICELINE : ICD-10-CM/PCS Hospital Service Line 6,471,165 1 5 37 4 23,623,278
LOS : Length of stay (cleaned) 6,470,756 0 365 49 3 31,966,473
MDC : MDC in effect on discharge date 6,471,165 0 23 103 9 66,486,634
MDC_NoPOA : MDC in use on discharge date, calculated without POA 6,471,165 0 25 103 9 66,524,663
NIS_STRATUM : NIS hospital stratum 6,471,165 1111 9.333 | 53304 3,232 [ 34.493,904,002
PAY1 : Primary expected payer (uniform) 6,462,264 1 6 21 2 13,683,349
PCLASS_ORPROC : Indicates operating room (major diagnostic or

therapeutic) procedure on the record 6,471,165 0 1 03 a 1,671,702
PL_NCHS : Patient Location: NCHS Urban-Rural Code 6,428,188 1 6 26 2 16,961,528
PRDAY1 : Number of days from admission to 10 PR1 3,986,237 4 366 13 0 5,290,416
PRDAY?2 : Number of days from admission to I10_PR2 2,461,603 4 368 17 1 4,188,870
PRDAY3 : Number of days from admission to 110 PR3 1,504,786 4 365 21 1 3,102,179
PRDAY4 : Number of days from admission to I10_PR4 958,943 -4 366 26 1 2,473,789
PRDAYS : Number of days from admission to I10_PR5 618,742 4 366 33 1 2,011,857
PRDAYG6 : Number of days from admission to I10_PR6 414,559 -4 367 40 1 1,670,195
PRDAY?7 : Number of days from admission to I10_PR7 233,496 4 366 49 2 1,229,512
PRDAYS : Number of days from admission to I10_PRS 183,477 -4 362 57 2 1,053,980

Note. Summary File for 2020 HCUP NIS Inpatient Core File data, Part I. AHRQ. (n.d.). Introduction to the HCUP
(National Inpatient Sample (NIS), 2020. https://hcup-us.ahrq.gov/db/nation/nis/NIS _Introduction_2020.jsp
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Figure 7 - Summary Inpatient Core File for HCUP 2020 Data Part 11

‘Variable / Label N Minimum | Maximum | Mean |Median Sum
PRDAYY : Number of days from admission to 110_PR9 136,392 -4 365 6.6 3 899,897
PRDAY10 : Number of days from admission to I10_PR10 103,564 4 367 75 3 781,096
PRDAY11 : Number of days from admission to 110_PR11 77,613 -4 364 a5 4 656,203
PRDAY12 : Number of days from admission to I10_PR12 60,749 -4 364 94 5 572,526
PRDAY13 : Number of days from admission to I10_PR13 47,210 -4 362 103 1 485,098
PRDAY14 : Number of days from admission to I10_PR14 37,576 -4 335 111 6 418,901
PRDAY15 : Number of days from admission to I10_PR15 30,616 -4 358 122 7 373,873
PRDAY16 : Number of days from admission to I10_PR16 25,090 -4 363 131 7 327,737
PRDAY17 : Number of days from admission to I10_PR17 20,810 -4 354 140 8 290,449
PRDAY1S : Number of days from admission to 110_PR18 17,433 -4 366 148 8 258438
PRDAY19 : Number of days from admission to I10_PR19 14,713 4 330 158 9 231,771
PRDAY20 : Number of days from admission to 110_PR20 12,119 -4 365 169 10 204,251
PRDAY?2] : Number of days from admission to I10_PR21 9,936 -4 316 179 11 177,558
PRDAY22 : Number of days from admission to I10_PR22 8376 -4 358 19.0 11 159,222
PRDAY?23 : Number of days from admission to I10_PR23 7,182 -4 320 202 12 144,809
PRDAY24 : Number of days from admission to I10_PR24 6,260 -4 315 212 12 132,615
PRDAY25 : Number of days from admission to I10_PR25 5432 -3 354 216 13 117415
RACE : Race (uniform) 6,246,588 1 6 17 1 10,768,656
TOTCHG : Total charges (cleaned) 6,414,903 100 | 9999999 | 62,1875 | 32,296 | 398,926,932,431
TRAN IN : Transfer in indicator 6,440,391 0 2 0.1 0 927,667

Note. Summary File for 2020 HCUP NIS Inpatient Core File data, Part II. AHRQ. (n.d.). Introduction to the
f{CUP National Inpatient Sample (NIS), 2020. https://hcup-us.ahrq.gov/db/nation/nis/NIS_Introduction_2020.jsp
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Figure 8 - Summary Inpatient Core Data File for HCUP 2020 Data Part 111

Variable / Label

N

Minimum

Maximum

Mean

Median

Sum

TRAN_OUT : Transfer out indicator

6,469,204

(¥}

03

1,770,204

YEAR : Calendar year

6,471,165

2,020

2,020

20200

2,020

13,071,753,300

Code

ZIPINC_QRTL : Median household income national quartile for patient ZIP

6,362,532

23

14,755,845

Note. Summary File for 2020 HCUP NIS Inpatient Core File data, Part III. AHRQ. (n.d.). Introduction to the
HCUP National Inpatient Sample (NIS), 2020. https://hcup-us.ahrq.gov/db/nation/nis/NIS_Introduction_2020.jsp

The HCUP Inpatient Core File that was received matched the summary file provided.

The next step was to review the downloaded Hospital File that contains data about the

hospital characteristics such as hospital type (rural, urban, and urban teaching), the bed

size of the hospital, and the location of the hospital within the US. The summary

information for this file is depicted in Figure 9. The Hospital File that was received

matched the data in the summary file.
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Figure 9 - Summary File for HCUP Hospital File Data
Variable / Label N [Minimum | Maximum | Mean |Median Sum
DISCWT : NIS discharge weight 4,580 5 5 50 5 22,900
HOSP_BEDSIZE : Relative bed size category of hospital (STRATA) 4580 1 3 17 1 7,695
HOSP_DIVISION : Census Division of hospital (STRATA) 4580 1 9 52 5 23,702
HOSP_LOCTEACH : Location/teaching status of hospital (STRATA) 4,580 1 3 20 2 9,238
HOSP_NIS : NIS hospital number 4,580 10,001 90,526 | 52,0596 | 50331| 238433015
HOSP_REGION : Region of hospital 4,580 1 4 26 3 12,023
H_CONTRL : Controlownership of hospital (STRATA) 4580 1 3 20 2 9,001
NIS_STRATUM : NIS hospital stratum 4,580 1,111 93313 53035| 5203| 24702175
N_DISC_U : Number of universe discharges in the stratum 4,580 822 [ 1,710,630 | 3056911 | 97,695 | 1,400,065,070
N_HOSP_U : Number of universe hospitals in the siramm 4,580 2 163 55.6 41 254,680
S DISC_U : Number of sample discharges in the stratum 4,580 164 342126 | 61,1382 19539 280,013,174
S_HOSP_U : Number of sample hospitals in the stratum 4580 2 136 534 40 244 576
TOTAL_DISC : Total number of discharges from this hospital in the NIS 4,580 1 14,735 14129 661 6,471,165
YEAR : Calendar year 4,580 2,020 2,020 | 20200] 2020 9,251,600
Note. Summary File for 2020 HCUP NIS Hospital File data. AHRQ. (n.d.). Introduction to the HCUP National
Inpatient Sample (NIS), 2020. (https://hcup-us.ahrg.gov/db/nation/nis/NIS_Introduction 2020.jsp

The third file that was used for this analysis is the Diagnosis and Procedure Groups
File. The Diagnosis and Procedure Groups File contains the 18 types of comorbidities
recorded for patients in the Inpatient Core File. Figure 10 depicts the major fields of the
Diagnosis and Procedure Groups File. The Diagnosis and Procedure Groups File that was
received matched the data in the summary file for the Diagnosis and Procedure Groups

File.
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Figure 10 - Summary of HCUP Diagnosis and Procedure Groups Data

Variable / Label N Minimum | Maximum | Mean | Median Sum
HOSP NIS : NIS hospital number 6,471,165 10,001 90,526 | 51,287.6 | 50,365 | 331,890,807,595
CMR._ATDS : Acquired immune deficiency syndrome 6,471,165 V] 1 0.0 0 35,977
CMR_AILCOHOL : Alcohol abuse 6,471,165 0 1 0.1 0 327.204
CMR_AUTOIMMUNE : Autoimmune conditions 6,471,165 1] 1 0.0 0 178,234
CMR_CANCER_LYMPH : Lymphoma 6,471,165 0 1 0.0 0 55,003
CMR_CANCER LEUK : Leukemia 6,471,165 0 1 0.0 0 43478
CMR_CANCER_METS : Metastatic cancer 6,471,165 1] 1 0.0 0 180,157
CMR_CANCER_NSITU : Solid tumor without metastasis, in situ 6,471,165 1] 1 0.0 0 1,615
CMR_CANCER_SOLID : Solid rumor without metastasis, malignant | 6.471,165 0 1 00 0 161,111
CMR_DEMENTIA : Dementia 6,471,165 1] 1 01 0 369,745
CMR_DEPRESS : Depression 6,471,165 0 1 0.1 0 720,535
CMR._DIAB UNCX : Diabetes without chronic complications 6,471,165 V] 1 0.1 0 554,908
CMR._DIAB_CX : Diabetes with chronic complications 6,471,165 0 1 0.2 0 1,023,496
CMR_DRUG_ABUSE : Drug abuse 6,471,165 0 1 0.0 0 322,546
CMR_HTN CX : Hypertension, complicated 6,471,165 1] 1 0.2 0 1,260,747
CMR_HTN_UNCX : Hypertension, uncomplicated 6,471,165 o 1 03 0 1,727,539
CMR_LUNG_CHRONIC : Chronic pulmonary diseasa 6,471,165 0 1 0.2 0 1,171,986
CMR_OBESE : Obesity 6.471,165 0 1 0.2 0 1,069.716
CMR_PERIVASC : Peripheral vascular disease 6,471,165 i} 1 01 0 326,394
CMR_THYROID_HYPO : Hypothyroidism 6,471,165 0 1 0.1 0 714,535

Note. Summary File for 2020 HCUP NIS Diagnosis and Procedure Groups File data. AHRQ. (n.d.). Introduction
to the HCUP National Inpatient Sample (NIS), 2020. https://hcup-us.ahrq.gov/db/nation/nis/NIS_Introduction 2020.jsp

The last file in the data set is the Disease Severity Measures File. The Disease Severity
Measures File contains the identified risk of mortality and severity of illness quality

variables. The Disease Severity Measures File that was received, displayed in Figure 11,

matched the data in the summary file for the Disease Severity Measures File.
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Figure 11: Summary File for 2020 HCUP Severity Measures

Variable / Label N Minimum | Maximum | Mean | Median Sum
HOSP_NIS : NIS hospital number 6,471,165 10,001 90,526 | 51,287.6 | 50,365 | 331,890,807,593
APRDRG : All Patient Refined DRG 6,471,165 1 936 4159 403 2,691,163,479
APRDRG_Risk Mortality : All Patient Refined DRG: Risk of Mortality
Subclass 6,471,165 0 4 19 2 12,275,813
APRDRG._Severity : All Patient Refined DRG: Severity of Illness Subclass 6,471,165 0 4 21 2 13,898,318

Note. Summary File for 2020 HCUP NIS Disease Severity Measures data. AHRQ. (n.d.). Introduction to the
HCUP National Inpatient Sample (NIS), 2020. https://hcup-
us.ahrq.gov/db/nation/nis/NIS_Introduction_2020.jsp

In the next step, all four data files were combined into a single file for analysis.
Merging the HCUP Files into a single file

The HCUP website provides database analysis tool support to link all the files into a

single file that can be statistically analyzed. (https://hcup-us.ahrg.gov/tools_software.jsp)

Stata merge commands were used to combine the variables in the four files into the single
file, with heart patient data linked to hospital characteristics. The first step was to merge
the Inpatient Core File with the Diagnosis and Procedure Groups File using the following

Stata command:

merge m:m KEY NIS using “C:\Users\Eileen\Data\PlayArea\SortedGroups.dta.”
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The m:m field means that there were the same number of sorted group data
observations as in the Inpatient Core File.
The next step was to merge the third file, or Sorted Hospital Data File, with the two

already merged files using the following Stata Command:

merge m:1 HOSP_NIS using "C:\Users\Eileen\Data\Play Area\SortedHospital.dta"

The m:1 field means that there is multiple patient observations linked to the same

HOSP_NIS value.

Lastly, the Disease Severity Measures File was merged with the three other merged

files to get a complete HCUP data set, using the following Stata Command:

merge 1:m HOSP_NIS using "C:\Users\Eileen\Data\Play Area\Severity.dta"

The 1:m field in the merge command is matching one to many on a key variable.

Removing HCUP Non-Cardiac Observations

The initial merged file contained over 6.5 million observations. Observations not
related to the treatment of heart ailments were removed because the focus of the
statistical analysis was only on cardiac hospital treatments. Cardiac diagnoses in the
HCUP NIS database are based on the ICD-10-CM medical code. The International
Classification of Diseases, Tenth Revision, Clinical Modification (ICD-10-CM)), is a set
of standardized codes for medical diagnoses, maintained by the National Center for
Health Statistics (NCHS), Centers for Disease Control and Prevention (CDC). The data

field [10_DX1 (the ICD-10-CM code) was used to filter out noncardiac treatments. This
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field was used in accordance with the steps outlined by Martin (2013) on how to set up an

HCUP data analysis using NIS data.

The HCUP data contained up to 10 diagnoses for each patient, but filtering of the data
was made on the initial diagnosis, as that is correct in 90% of cases (Martin, 2013). Table
1 contains the values of the ICD-10-CM Diagnostic Codes that designate a patient’s

cardiac diagnosis.

Table 1 — ICD-10-CM Codes for Cardiac Medical Diagnosis

ICD-10-CM Code Heart Disorder

105-109 Chronic Rheumatic Heart Disease

110-1TA Hypertensive Diseases

120-125 Ischemic Heart Disease

126-128 Pulmonary heart disease and diseases
of pulmonary circulation

130-I5A Other forms of heart disease

170-179 Diseases of the Arteries, Arterioles
and Capillaries

Note. From ICD-10-CM Codes, https://www.icd10data.com/ICD10CM/Codes/I100-199

Removing all noncardiac observations from the data file eliminated 90% of the data.

If there were missing observations from key data fields, such as age of the patient, total
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hospital charges, or length of stay (LOS), those observations were eliminated as well. The

cleaned final data set contains 401,338 observations with 1,058 variables.

3.2.2 Hospital Compare Data

Evaluating the efficacy of cardiac treatments administered by a particular
treatment center requires consideration of the 30-day readmission rate. The NIS data did
not provide relevant information, so a different data set was used to perform statistical
analyses on 30-day readmission rates. The Hospital Compare data from the national
Hospital Readmissions Reduction Program under the supervision of the HHS contains
data about hospital discharges and 30-day readmissions from all 50 states, the District of
Columbia, and U.S. territories. (The Centers for Medicare and Medicaid Services [CMS],
n.d., Hospital Readmissions Reduction Program). The file contains the condition that the
patient was treated for, state of the medical center, medical center name, the number of
discharges, and the number of 30-day readmissions for each type of illness in the data set
The Hospital Compare data were collected from July 1, 2019 to June 30, 2022. The file,
which had 18,775 records, was downloaded on November 15, 2024. Noncardiac related
hospital data were filtered from the file, leaving 7,540 observations. The observations
were manually sorted by treatment center type (academic medical centers, urban centers
and rural). There are 342 observations in the academic medical center subset, 2,826
observations in the urban subset and 4,369 observations in the rural hospital subset.

3.3 Medical Cost Review of Different Treatment Centers Based on LOS (HCUP
Data Set)

The objective of the Praxis is to give cardiac patients a regression model so that

patients and staff can evaluate how to get the best care for a cardiac event at the lowest
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charge. The HCUP multi-linear regression model provides insights on Total Hospital
Charges for cardiac events.
3.3.1 Selection of Variables or Factors for the Multiple Linear Regression (HCUP)
Since the HCUP data set has over 1,058 variables, many are irrelevant or do not
impact the total charges for a cardiac event. Using the Stata Stepwise Regression
procedure and using factors that impact cardiac events, metrics were used to analyze the
regression results. The metrics used were the Coefficient of Determination (R?), p value,
and F statistic. The F statistic is the ratio of 2 Chi-Square random variables divided by
their degrees of freedom (df) (Walpole & Myers, 1978). A multilinear regression model
takes the form:

Y="PBo+ Bi1Xi+ B2Xz ... + BkXx (Equation 1)
where Y is the predicted value of the response variable from the equation, Pois the
intercept, and B through Pk are the regression coefficients (Walpole & Myers, 1978).

Research developed in Chapter 2 of this Praxis into comorbidities and social
drivers of health (poverty and smoking) found factors such as hypertension, diabetes,
obesity, race, age, sex of the patient, the type of hospital where the patient was treated,
and the severity of the illness impact the costs of a cardiac event. The total charges were
the dependent variable, and the independent variables were the factors listed above.

The linear regression stepwise regression was run in Stata to find the best predictor
variables. In stepwise regression, regression models are fit by an automatic procedure. In
each step a regression is performed, and inclusion of an independent variable is based on

improvement of the fit.
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Multiple Linear regression will be used to assess the relationship between
multiple continuous, discrete or categorical variables and the Total charges dependent
variable. A good regression model can be used to analyze the relationship of the
independent variables (predictor variables) and the dependent variable (response
variable) (Walpole & Myers, 1978). There can be relationships such as collinearity
among the independent variables as well (Blackford, 2024b). Good regression models
also can be generalized to the observations outside the data set.

Stata and Minitab output metrics to analyze the accuracy of the regression model.
The Coefficient of Determination, or R, measures how much of the variability in the
regression model is explained by the model. The range of R is from 0 to 1. An R’ of 1
means that all the variability of the model is explained while an R’ of 0 means that the
model does not accurately predict the dependent variable (Walpole & Myers, 1978). An
R? 0f 0.50 means that only 50% of the variation in the model is explained. In Figure 12,
which shows an example multilinear regression output from Minitab, the R?is 0.956. This
means that the example regression line accounts for 95.61% of the variation in the data
(Gupta et al., 2020).

In addition to R, there is another term in the Regression Summary of Figure 12
which deals with adjusted R. Adjusted R’ “shows the proportion of variation in ¥
explained by all X variables adjusted for the number of X variables used” (Blackford,
2024b, p. 59). R’ rises with the number of independent variables while adjusted R’ can
decrease with the number of independent variables added (Blackford, 2024b). The value
of the adjusted R’ is penalized if additional variables have a poor fit. The adjusted R’ in
the example of Figure 12 is 0.952 which is a very small decrease of 0.004. The adjusted
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R? will only increase if new independent variables that are added improve the model

(Blackford, 2024b).

The p value measures the statistical significance between each independent or
predictor value and the response variable or dependent variable (Gupta et al., 2020). A
low p value indicates a significant relationship between the predictor variable and the
response variable (Gupta et al., 2020). The p value is used in hypothesis testing because it
indicates the probability of obtaining the same or more severe results than from
regression model observations (Gupta et al., 2020). The interpretation of the p value is
usually based on an alpha level set at 0.05 (Gupta et al., 2020). Known as the level of
marginal significance, the further the p value is below the alpha value, the more
statistically significant the independent (predictor) variable is (Gupta et al., 2020).

In Figure 12, the snippet shows an example from a multiple linear regression Minitab
output with a p value of 0 for the independent variable (ambient temperature), so the
variable remains in the regression model. However, the independent variables exhaust
vacuum and ambient pressure exceed the alpha value of 0.05 and are not statistically
significant in the model (at a 95% confidence interval [CI] with alpha = 0.05).

Since the p value for the model in the Analysis of Variance (ANOVA) table in
Figure 12 is 0, it means that the overall model is a good fit. However, the p value for each
variable must be examined. The determination of which variables are statistically
significant is based on the p values for individual variables (Gupta et al., 2020). The
variable ambient pressure has a p value of 0.954. This means the lack of fit of the
variable is significant. (Gupta et al., 2020). It is indicative of some other terms missing or

that some interaction of terms is missing (Gupta et al., 2020).
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If the p value for the model is greater than the alpha level, then the null hypothesis

of the model cannot be rejected (Gupta et al., 2020).

48



Figure 12 - Example of a Multiple Regression from a Simulation Homework
Assignment from Dr. Blackford

Regression Equation

Net Hourly Energy Output (MW) = 522
- 2136 Ambient Temperature (*C)
- 0.173 Exhaust Vacuum (cmHg)
- 0.007 Ambient Pressure [milibar)
- 0.1359 Relative Humidity (%)

Coefficients
Term Coef SE Coef T-Value P-Value VIF
Constant 522 124 4,22 0.000
Ambient Temperature -2.136 0.234 911 0.000 1090
(C)
Exhaust Vacuum (cmHg) -0.173 0.105 -1.65 0.106 541
Ambient Pressure -0.007 0.120 -0.06 0.954 1.84
(milibar)
Relative Humidity (%) -0.1359  0.0585 -2.32 0.025 3.01

Model Summary

S R-sq R-sqg(adj) R-sq(pred)
395187 95.61% 95.21% 94.51%

Analysis of Variance

Source DF AdjSS AdjMS F-Value P-Value
Regression 4 14968.2 3742.05 23961 0.000
Ambient Temperature 1 1296.6 1296.60 83.02 0.000
(*C)
Exhaust Vacuum (cmHg) 1 42.4 42.44 2.72 0.106
Ambient Pressure 1 0.1 0.05 0.00 0.954
(milibar)
Relative Humidity (%) 1 84.3 84.34 540 0.025
Error 44 6872 15.62
Total 48 15655.4

Note. From Blackford, J. P. (2024a). EMSE 8099: Survey of Research Formulation for Engineering Management
[ Course homework]. The George Washington University.
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The F value or F statistic is used to measure the overall significance of the multilinear
regression model (Gupta et al, 2020). The F statistic shows if there is a linear relationship
between all the independent variables and the dependent variable (Gupta et al., 2020). A ¢
test tests the significance of a single independent variable, whereas the F statistic
determines if a group of variables are statistically significant (Gupta et al., 2020). The F’
statistic is used together with the p value to assess overall model results. An F statistic
compares the effect of all the variables together in the model (Gupta et al., 2020). For
example, the Regression model in the Anova Section of Figure 12 has a large F statistic,
so the regression model is significant (Gupta et al., 2020). The null hypothesis for the
test statistic is that all the coefficients of the independent variables in the regression
equation are 0 or have no statistical significance versus the alternative hypothesis that at
least one independent variable coefficient impacts the dependent variable (Gupta et al.,
2020). If B is the symbol for the coefficient of regression for each independent variable

then the F statistic hypothesis test is as follows (Gupta et al., 2020):

Ho: B1=p2...8k=0
Ha: B17 P2...pk 20

The F statistic is used to compare a calculated value against Fy, (k, N-k-1), where a =
0.05, k is the number of independent variables (DF), and N is the number of observations
in the data set. In the example in Figure 12, k =4 and N = 48, so the F statistic to
compare against is F' (4,43) ~ 2.61. Therefore, in the example in Figure 12, the calculated

F value is 239.61, which is greater than the 2.61 F statistic standard. In this example, the
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null hypothesis is rejected and the alternative hypothesis (i.e., that at least one coefficient

of the model is nonzero) is accepted.

A t test is used to individually evaluate the statistical significance of whether the
coefficient of a particular independent variable is nonzero (Walpole & Myers, 1978). The
null hypothesis for the 7 test is that the coefficient of one of the independent variables in
the regression equation is 0 or has no statistical significance (no linear relationship)
versus the alternative hypothesis (i.e., that the coefficient of the independent variable is
significant and a linear relationship exists between dependent variable and the
independent variable). See the null hypothesis and alternative for a ¢ test below (Walpole

& Myers, 1978).

Ho: Bi-0

H: B1¢ 0

The next metric in Regression to examine is the Variance Inflation Factor or VIF. The

Variance Inflation Factor equation is:
VIF= 1/(1-R?) (Equation 2)

where R/ is the coefficient of determination, and VIF is the measure of the amount of
multicollinearity in a regression model. The VIF is used to measure the relationships
between predictor variables due to the correlations between them (Gupta et al., 2020).
Variables with VIF values of less than five are included in the multilinear regression

model estimating Total Charges. In Figure 12, the VIF of the Exhaust Vacuum and
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Ambient Temperature in the Coefficients table are greater than five so the final model

should remove these values (Gupta et al., 2020).

Stata also has another tool called Least Absolute Shrinkage and Selection
Operator or Lasso (Bobbitt, 2020). Lasso is used in regression and in machine learning to
aid in regression model variable selection and validation (Bobbitt, 2020). The issue with
Least Squares Regression occurs when variables are highly correlated (Bobbitt, 2020).
Multicollinearity causes coefficients of a model to be unreliable and to have a high

variance. Normal regression minimizes the Sum of the Residuals or RSS (Bobbitt, 2020):
RSS=Y (¥i-T1)? (Equation 3)

where Y; is the response of the dependent variable for the i observation and Yi is the

predicted response for the i observation (Bobbitt, 2020).

Lasso uses a bias to reduce the variance in a model, thus lowering the Mean Square

Error (MSE) (Bobbitt, 2020):
Min (RSS + A3 |Bi]) (Equation 4)

where j goes from 1 to p and A > 0. The term A |B;| is the shrinkage penalty. When 4 is
zero the shrinkage penalty has no effect on the regression model (Lasso model
coefficients are the same as Least Squares Regression Model) but as 4 gets larger and
larger and approaches infinity, the independent variables get dropped from the Lasso
model (Bobbitt, 2020, p. 3). But increasing 4 to a certain level reduces the MSE, as
illustrated in Figure 13 (Bobbitt, 2020). If 4 gets too large, then MSE starts to rise

(Bobbitt, 2020).

52



Figure 13 - Illustration of how increasing 4 can reduce the MSE and the Variance in
a regression model
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Note. From Bobbitt, Z., (2020). Statology. Introduction to Lasso Regression. https://www.statology.org/lasso-
regression/

Lasso is used with large data sets and large numbers of variables to estimate a
model with less variance than Least Squares Regression methods (Bobbitt, 2020). Figure
14 shows the output of a Stata Lasso regression (Bobbitt, 2020). It is also used as a
validation method for regression models (Bobbitt, 2020). If A as estimated by the Stata
utility is close to zero, then the coefficients estimated by the least squares are accurate

(Bobbitt, 2020).


https://www.statology.org/lasso-regression/
https://www.statology.org/lasso-regression/

Figure 14 - Sample Lasso output from Stata

Lasso linear model No. of obs = 306,410
No. of covariates = 27
Selection: Adaptive ridge No. of lasso steps = 2

Final adaptive step results

No. of Out-of- CV mean

nonzero sample  predictien

in} Description lambda coef. R-squared error
lol first lambda 16.22518 ] 9.0002 .B581613
199 lambda before .00178087 23 0.6062 -3388538

* 200 | selected lambda .0016225 23 0.6062 .3380477

* lambda selected by cross-validation in final adaptive step.

Note. Stata Software for Lasso Function
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3.4 Preparation of Hospital Compare Datafile for Regression Analysis

The CMS Hospital Compare data are available in a comma-separated value (CSV)
file format. The data set contains data on the number of 30-day readmissions in direct
proportion to the total number of discharges. The data set had 18,774 observations, but
the noncardiac event measures were removed from the data set. Additionally, any
observations with missing data were removed, leaving 7,540 observations. The
observations were manually filtered into three separate data sets by hospital type (rural,
urban, and AMC) to be used for additional hypothesis testing and regression analysis and
their impact on cost. Simple linear regression (SLR) was performed on the whole data set
and on each type of hospital data set.

The Praxis researcher used the SLR model to predict 30-day admission rates based on
the total discharges for each type of hospital.

A simple linear regression (SLR) is the case where the observations are ordered pairs
with a single response variable y and a single predictor variable x, according to the
following equation:

Y=a+px (Equation 5)
Where the equation is the response to a predictor value, x; a is the intercept; and f is the
slope (Walpole & Myers, 1978). Minitab was used for regression analysis of the Hospital
Compare data. See Figure 15 for a sample of a SLR output from Minitab. In this
example, the constant -2.382 is the intercept and the total, 0.190683 is the slope. The R*is

0.92 from the Model Summary description.
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Figure 15 - Simple Linear Regression Output from Minitab

Regression Analysis: Readmit versus Total Discharges

Regression Equation

Readmit = -2.382
+0.190683 Total Discharges

Coefficients
Term Coef SE Coef T-Value P-Value VIF
Constant -2.382 0.204 -11.66 0.000
Total 0.190683 0.000642 297.13 0.000 1.00
Discharges

Model Summary

S R-sq R-sq(adj) R-sq(pred)
11.6172 92.13% 92.13% 92.11%

Analysis of Variance

Source DF AdjSS AdjMS F-Value P-Value
Regression 1 11914907 11914907 88284.93 0.000
Total 1 11914907 11914907 88284.93 0.000
Discharges

Error 7538 1017326 135

Lack-of-Fit 867 358857 414 4.19 0.000
Pure Error 6671 658469 99

Total 7539 12932233

Note. Hospital Compare Sample Data Example.

3.5 Hypothesis Testing

This Praxis evaluated if there are differences in treatment costs at three types of
hospitals (rural, urban, and AMCs), using mean pairwise comparison between total
charges at the three medical facilities. Hypothesis tests using mean pairwise comparison
compared if there was a mean difference between the 30-day readmittance rates for the
three types of medical facilities. The hypothesis tests, using mean pairwise comparison,

also compared whether the mean lengths of stay (LOS) for cardiac treatments were the
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same or different at the three types of medical facilities. The LOS is influenced by the
severity of the illness. In addition, there is a pairwise proportion hypothesis to compare
whether the mortality rate at the three facilities is proportionately the same. This section
explains how each Praxis question was tested using hypothesis testing.

RQ1: Is the readmittance rate for a hospital stay in a stand-alone community-

based hospital higher than an academic medical center for a cardiac event?

Ho: The mean 30-day readmittance rates at the three types of medical facilities

are the same.

H,: The mean 30-day readmittance rates at the three types of medical facilities

vary.

RQ2: Do cardiac patients’ lengths of stay vary across the three types of medical
centers?

Hy: The mean LOS for the three types of medical facilities is the same.

Ha: The mean LOS for the three types of medical facilities varies.
RQ3: Do academic medical centers have lower mortality rates for cardiac patients?

Hy: The mortality rate for the three types of medical centers is the same.

H,: The mortality rate for AMCs is lower than the other medical centers.

In order to determine the likelihood of the three alternative hypotheses being
correct, the tests were conducted with large sample sizes. The type I error, which is the

likelihood of the null hypothesis being rejected when it is true, is set to a = 0.05. For all

57



hypothesis tests, the sample sizes were larger than 30 and were adequate. The critical
region is the area where the calculated z statistic is less than -1.96 or greater than +1.96.
To test the hypothesis for Research Question 1, the Praxis researcher compared
the mean rate of readmission for each hospital type compared to the mean for the
population, followed by comparing the means between each of the hospital types. The
formula for the z statistic for the difference between the two means is as follows

(Walpole & Myers, 1978):

7 = —L1 =2 (Equation 6)

N

The null hypothesis should be accepted if pairs of tests show that -1.96 <z <1.96
or rejected if the calculated z is in the critical region. Rejecting the null hypothesis means
that the readmittance rates at the different types of medical facilities vary.

To test the hypothesis for Research Question 2, the mean LOS for each hospital type
was compared to the mean LOS of the population, followed by comparing the mean LOS
between each of the hospital types. Equation 7 shows how to calculate the z statistic for
the difference of two means (Walpole & Myers, 1978):

. (x1=xp) .
zZ= o o (Equation 7)
nq ny

N

The null hypothesis is accepted if pairs of tests show that -1.96 <z <1.96 or
rejected if the calculated z is in the critical region. Rejecting the null hypothesis means
that LOS at the different types of medical facilities vary.

To test the hypothesis for Research Question 3, which is to test whether

the mortality rates of patients at AMCs are lower versus a rural or urban hospital, the
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Praxis researcher used a paired p test to compare the proportion of patients at a healthcare
facility who died during treatment for a cardiac condition. The null hypothesis is that
there are no differences in the mortality rates at the three types of medical centers. The
alternative hypothesis is that there is a variation in the mortality rates of cardiac patients
at the three medical facilities. The calculated paired proportion comparison z statistic is

(Walpole & Myers, 1978):

(Equation 8)

where p is the percent who died, and ¢ is the percent who survived to discharge. N is the

size of the sample.

The null hypothesis is accepted if pairs of tests show that -1.96 <z <1.96 or

rejected if the calculated z is in the critical region.
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4 Chapter Four - Results

4.1 Introduction

This Praxis provides a model that enables cardiac patients and healthcare
professionals to find the best and most cost-effective treatment center for cardiac events.
In this chapter, the Praxis researcher presents an analysis of the retrieved data sets of
HCUP patient and hospital data, and Hospital Compare readmissions data. These data
represent important factors in the cost or cause of heart disease, as indicated by a search
of the literature. The Praxis researcher applied the methodology outlined in Chapter 3 to
address the research questions and to build and test the models.

The Praxis also examines 30-day readmission rates in a separate model using
downloaded Hospital Compare data as an indicator of effective cardiac treatments.
Thirty-day readmission rate data at three different types of medical centers (rural, urban,
and academic medical centers) are not in the HCUP data but are an important aspect in
determining costs for a hospital stay. Readmission rates are a factor in evaluating if the
initial treatment of a patient was effective.

4.2 Hospital Compare Data and HCUP Data Regression Models

The Hospital Compare data available from CMS contain data on hospital
readmissions based on the number of patient discharges. Linear Regression was used to
create predictive models to estimate 30-day readmission rates based on the number of
discharges. The linear regression models produced from the Hospital Compare data can

be used to predict 30-day readmission rates from the HCUP hospital discharge data.

The HCUP data was modeled to predict the total charges for a hospital stay for a

cardiac event. The following sections detail the analysis performed on the data sets.
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4.3 HCUP Initial Statistical Analysis of Data Histograms and Scatterplots

The following statistics, histograms, and scatterplots, generated with Stata, highlight
selected HCUP variables that are pertinent to this Praxis. Table 2 displays summary
statistics for patient Age, LOS, Total Charges, and the Number of days from admission to
the initial diagnosis. In the HCUP database, the variables for LOS and total hospital
charges (TOTCHG) are labeled as cleaned, indicating that AHRQ edited the raw data
reported by hospitals, such as by removing invalid entries and rounding to the nearest

dollar.
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Table 2 - Summary Statistics on Key HCUP Variables from 2020

Variable Name Mean Median Standard Min/Max
Dev

Age (Years) 67.37 69 13.99 0/90

LOS (Days) 5.4 7 6.84 0/312

Total Charges 122,620.5 78483.5 167,000 100/9,321,023

(%)

Number of 1.65 1 3.19 0/291

Days to Initial

Diagnosis

Note. HCUP Summary Statistics from Stata Software.

Histograms of the floating-point variables, Age and LOS, were plotted as shown in
Figures 16 and 17. The histogram displayed in Figure 16 shows patient Age, which
ranged from zero (less than 1 year) to 90 at patient hospital admission. The kurtosis is
3.75, compared to a kurtosis value of three for a normal distribution, which indicates a lot
of data in the tails. The skewness of the Age variable is - 0.6990723. A negative
skewness value means the data are skewed to the left. The left tail is longer than the

right.
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Figure 16 - Histogram Age Variable with Data Set Sample
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Note. Stata Software Histogram of Age of HCUP Data Set Sample from Stata Software.

Figure 17 shows a histogram of patient LOS data. The broad range of data, from zero
to 312, and the skewness value of 8.11 indicates the data are skewed to the right. The

kurtosis is 170.1686. A kurtosis of this size signals a non-normal distribution and implies

a long and heavy tail.
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Figure 17 - Histogram of LOS

154

Density

.05+

T
300

0- T T
0 100 200
Length of stay (cleaned)

Note. Stata Software histogram of the HCUP Data.

Figure 18 displays a scatterplot of Total Charges versus Age in Years at Admission

The bulk of the observations are in the range of ages 20 to 80. The large number of

observations in the scatterplot show very little trends from the independent (predictor)

variable Age to the dependent (response) variable (total charges).
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Figure 18 - Scatterplot of Total Hospital Charges versus Age
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Note. Stata Software Scatterplot of the HCUP Data.
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Figure 19 - Scatterplot of Total Hospital Charges versus LOS
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Note. Stata Software Scatterplot of the HCUP Data.

Figure 19 shows a scatterplot of Total Hospital Charges versus LOS. The bulk of
the observations occur when the LOS is less than 100 days. The scatterplot shows a linear

relationship between LOS and Total Charges.
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Figure 20 - Scatterplot of Total Charges versus Number of Days to Initial Diagnosis
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Note. Stata Software Scatterplot of the HCUP Data.

Figure 20 shows a scatterplot between the dependent variable Total Charges versus
the independent variable (PRDAY 1), or the number of days from admission to initial
diagnosis. The scatterplot shows a linear relationship of the PRIDAY'1 to the Total

Charges.

4.4 Demographics of the Data Sets

Tables 3 through 12 display HCUP variables by the percentage distribution of the
applicable values, generated with Stata. They illustrate patient demographics such as
race, sex, comorbidities, and socioeconomic and geographic factors, as well as the type of

hospital where the patient was treated.
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Table 3 displays patient data by race. White patients had the highest frequency of

Table 3 - Race Frequency Data

Race Count Percentage

White 283,841 70.72

Black 60,532 15.08

Hispanic 33,793 8.42

Asian/Pacific 10,077 2.51
Islander

Native 1,748 0.44
American

Other 11,347 2.83

Total 401,338 100%

Note. Race Variable Frequency (HCUP Data) from Stata Software

70.72%, while Native Americans had the smallest frequency of 0.44%.

Table 4 - Males versus Females Data

Sex Count Proportion
Male 239,036 59.56%
Female 162,302 40.44%
Total 401,338 100%

Note. Male/Female Variable Frequency (HCUP Data) from Stata Software.

Table 4 shows patient data by sex.
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Table 5 - Patient Morbidity Rate

Patient Viability Count Percentage
Survived To Discharge 385,355 96.02

Died in Hospital 15,983 3.98

Total 401,338 100%

Note. Patient Morbidity Rate of the HCUP Data from Stata Software.

Table 5 displays patient data by survival to discharge rate.

Table 6 - Hospital Type Strata

Hospital Strata Count Percentage
Rural 22,434 5.59
Urban 65,642 16.36
Urban Teaching 313,262 78.05
Total 401,338 100%

Note. Hospital Type Strata of the HCUP Data from Stata Software.

Table 6 displays the percentage of patients treated at each hospital type.
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Table 7 - HCUP Patients in the Sample by Region

Hospitalizations by Count Percentage
Region
Northeast 76,715 19.11
Midwest 84,437 21.79
South 169,155 42.15
West 68,031 16.95
Total 401,338 100%

Note. HCUP Patients in the Study by Region from Stata Software.

Table 7 shows the number of patients in the study by region. The South had almost
twice as many hospitalizations for cardiac issues as the Midwest, the region with the next

highest incidence, and more than twice as many as the Northeast and West.
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Table 8 - Patients by Size of Home County Population

County Size Count Percentage

Central Metro 110,375 27.5
Area (>1 million)

Fringe Metro 98.626 24.57
Area (>1 million)

Counties of 84,572 21.07
Population 250,000-
999,999

Counties of 40,077 9.99
Population 50,000-
249,999

Smaller 38,664 9.63

communities with
population clusters

Rural 29,024 7.23
Total 401,338 100%

Note. HCUP Patient Home Location from Stata Software.

Table 8 shows the relative population size of the patients’ home communities. More

than half of patients came from communities with a population of one million or more.
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Table 9 - Quartile Patient Income Data

Patient Income Count Percentage
%)
Based on 2020
quartile data
<49,999 per 120,658 30.06
annum
50,000-64,999 111,055 27.68
65,000-81,999 92,296 23.00
82,000+ 77,329 19.27
Total 401,338 100%

Note. HCUP Quartile Patient Income Data from Stata Software

Table 9 depicts patient income levels based on four strata. More than half of the

patients in the data set had income levels of less than $65,000 per annum.

Table 10 - Obesity Rate of the Sample

Obesity Count Percentage
Non-Obese 299,359 74.59
Obese 101,979 25.41
Total 401,338 100%

Note. Obesity rate of the HCUP data sample from Stata Software.

Table 10 shows the obesity comorbidity of patients which is a causal factor in

heart disease. Approximately one-quarter of patients in the data set were obese.
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Table 11 - Diabetes Comorbidity Rate in Sample

Diabetes Comorbidity Count Percentage
Non-Diabetic 283,339 70.6
Diabetic 117,999 29.4

Total 401,338 100%

Note. Diabetes Comorbidity rate in HCUP sample from Stata Software.

Table 11 shows the comorbidity rates of diabetes in the sample. 29.4% of the

sample had diabetes.

Table 12 - Rate of Hypertension in the Sample

Hypertension Count Percentage
Comorbidity

No hypertension 261,731 65.21

Hypertension 139,607 34.79

Total 401,338 100%

Note. Rate of Hypertension in the sample from Stata Software.

Table 12 shows the percentage of patients with the comorbidity of hypertension.
4.4.1 Hypothesis Testing for Mean LOS by Hospital Type

(HCUP Data)

H2: A cardiac patient’s LOS varies based on the hospital type.
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To test Hypothesis 2 (Hypothesis 1 is covered in the next section), the Praxis

researcher used two-sided tests of the mean LOS for each hospital type to compare each

hospital type LOS and to compare each hospital LOS to the population LOS mean.

The assumption for the tests is that the mean and standard deviation are normally

distributed. The null hypothesis is not rejected if the calculated z statistic lies outside the

critical region. The alternative hypothesis is accepted if the results are inside the critical

region. All tests are conducted with 95% confidence and a z statistic of 1.96 for

comparison. The critical region is if the calculated z statistic is strictly greater than 1.96

or strictly less than (-)1.96.

Table 13 displays the statistics used in the analysis by hospital type and population:

mean LOS, standard deviation, z statistic, sample size, and confidence intervals.

Table 13 - Statistics for Comparing Mean LOS by Hospital Type and Data Set

Population
Hospital Type Mean Standard z Sample Confidence
Deviation Statistic Size Interval

(95%)

Rural 4.397 0.0068 -0.016 22,434 | (4.33,
4.457)

Urban 4.77 0.021 -0.18 65,642 | (4.72,
4.88)

AMC 5.71 0.0071 127 313,262 | (5.68,
5.73)
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Hospital Type Mean Standard z Sample Confidence
Deviation Statistic Size Interval
(95%)
Population 5.4808 0.0068 401,338 | (5.460,
5.501)

Note. Hypothesis Test Data for HCUP Mean LOS from Stata Software.

Hypothesis Test for Rural Hospital versus Population:

Ho: Rural Hospital Mean LOS = Population Mean LOS

Ha: Rural Hospital Mean LOS # Population Mean LOS

Hypothesis Test Conclusion:

The calculated z statistic for rural hospitals is -0.016, which is not within the critical
range. The Praxis researcher failed to reject the null hypothesis that the rural hospitals,
represented in the HCUP data set by HOSP_ LOCTEACH=1, have the same mean LOS

as the mean LOS for the data set population.

Hypothesis Test for Urban Hospital LOS versus Population:

Ho: Urban Hospital Mean LOS = Population Mean LOS

Ha: Urban Hospital Mean LOS # Population Mean LOS
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Hypothesis Test Conclusion:

The calculated z statistic for urban hospitals is -0.018, which is not within the critical
range. The Praxis researcher failed to reject the null hypothesis that urban hospitals,
represented in the HCUP data set by HOSP. LOCTEACH=2, have a mean LOS that is
the same as the mean LOS for the data set population.

Hypothesis Test for Academic Medical Center versus Population:

Ho: AMC Mean LOS = Population Mean LOS

H,: AMC Mean LOS # Population Mean LOS
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Hypothesis Test Conclusion:

The calculated z statistic for AMCs is 127.46, which is within the critical range.
The Praxis researcher rejected the null hypothesis and accepted the alternative hypothesis
that AMCs, represented in the HCUP data set by HOSP LOCTEACH=3, have a mean
LOS that is different from the mean LOS for the data set population.

In conclusion, for the testing of the mean LOS for each hospital type versus
population, the Praxis researcher failed to reject the null hypothesis that the mean LOS is
the same when comparing rural or urban hospitals to population. For AMCs, the Praxis
researcher rejected the null hypothesis and accepted the alternative hypothesis that the

mean LOS for AMCs is different from that of population.

Next, the LOS means were tested to see if they vary when comparing them among

the different hospital types.

Comparing Rural Hospital LOS versus Urban Hospital LOS

Ho: Rural Hospital Mean LOS (4.397) = Urban Hospital Mean LOS (4.767)

Ha: Rural Hospital Mean LOS # Urban Hospital Mean LOS

Hypothesis Test Conclusion:

The calculated z statistic is -55.34, which is within the critical range. The Praxis
researcher rejected the null hypothesis and accepted the alternative hypothesis that the
rural hospital mean LOS is not the same as the urban hospital mean LOS.

Comparing Rural Hospital LOS versus Academic Medical Center LOS

Ho: Rural Hospital Mean LOS (4.397) = AMC Mean LOS (5.708)

71



H,: Rural Hospital Mean LOS # AMC Mean LOS

Hypothesis Test Conclusion:

The calculated z statistic is 0.02, which is not within the critical range. The Praxis
researcher failed to reject the null hypothesis that the rural hospital mean LOS is the same

as the AMC mean LOS.

Comparing an Urban Hospital LOS to an Academic Medical Center LOS

Ho: Urban Hospital Mean LOS (4.767) = AMC Mean LOS (5.708)

Ha: Urban Hospital Mean LOS # AMC Mean LOS

Hypothesis Test Conclusion:

The calculated z statistic is 0.024, which is not within the critical range. The Praxis
researcher failed to reject the null hypothesis that the urban hospital mean LOS is the

same as the AMC mean LOS.

For this set of tests, the mean LOS varied when comparing rural and urban hospitals,

but there was no variation when comparing either to AMCs.

4.4.2 Hypothesis Testing for Mean 30-day Readmittance Rates by Hospital Type

H1: Patient readmission rates vary across the three types of medical centers.

To test Hypothesis 1, the Praxis researcher used two-sided tests of the 30-day mean

readmission rates for each hospital type and the population of the data set.
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Table 14 displays the applicable statistics for the analysis, by hospital type and

population: mean readmission rate, standard deviation, z statistic, sample size, and

confidence intervals.

Table 14 - Statistics for Comparing Mean 30-Day Readmission Rates by Hospital

Type and Data Set Population

Hospital Type | Mean Rate | Standard V4 Sample Confidence
Deviation | Statistic | Size Interval (95%)
Rural 17.5447 2.85 0.57 4,369 | (17.46,17.63)
Urban 17.41 2.96 -2.0 2,826 | (17.30,17.52)
AMC 18.047 3.285 3.35 342 (17.733, 18.361)
Population 17.5193 291 7,540 | (17.45,17.59)

Note. Hospital Compare Data Readmittance Rate Data Used for Hypothesis Testing from Stata Software.

The first set of hypothesis tests compares the mean readmission rate for each hospital

type to that of the data set population.

Mean Readmission Rate hypothesis test: Rural Hospital versus Population

Ho: Rural hospital mean readmission rate = Population mean readmission rate

Ha,: Rural hospital mean readmission rate # Population mean readmission rate
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Hypothesis Test Conclusion:

The calculated z statistic is 0.57. This is not within the critical range, so the Praxis
researcher failed to reject the null hypothesis that the mean admission rate for rural
hospitals is the same as the mean readmission rate for population.

Mean Readmission Rate hypothesis test: Urban Hospital versus Population

Ho: Urban hospital mean readmission rate = Population mean readmission rate

H,: Urban hospital mean readmission rate # Population mean readmission rate

Hypothesis Test Conclusion:

The calculated z statistic is -2.00, which is within the critical range. The Praxis
researcher rejected the null hypothesis and accepted the alternative hypothesis that the
mean readmission rate for urban hospitals is not the same as the mean readmission rate
for population.

Mean Readmission Rate hypothesis test: AMC versus Population

Ho: AMC mean readmission rate = Population mean readmission rate

H,: AMC mean readmission rate # Population mean readmission rate

Hypothesis Test Conclusion:

The calculated z statistic is 3.35, which is within the critical range. The Praxis
researcher rejected the null hypothesis and accepted the alternative hypothesis that the
mean readmission rate for AMCs is not the same as the mean readmission rate for

population.
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In conclusion, the Praxis researcher failed to reject the null hypothesis that the mean
readmission rate for rural hospitals is the same as for population. For both urban hospitals
and AMCs, the Praxis researcher accepted the alternative hypotheses that the mean
readmission rates are not the same as for population.

The next set of hypothesis tests compare the mean readmission rates for the different
types of medical centers to each other.

Mean Readmission Rate hypothesis test: Rural Hospital versus AMC

Ho: Rural hospital mean readmission rate = AMC mean readmission rate

Ha: Rural hospital mean readmission rate # AMC mean readmission rate

Hypothesis Test Conclusion:

The calculated z statistic is 3.26, which is within the critical range. The Praxis
researcher rejected the null hypothesis and accepted the alternative hypothesis that the
readmission rate for rural hospitals is not the same as the readmission rate for AMCs.

Mean Readmission Rate hypothesis test: Urban Hospital versus AMC

Ho: Urban hospital mean readmission rate = AMC mean readmission rate

H,: Urban hospital mean readmission rate # AMC mean readmission rate

Hypothesis Test Conclusion:

The calculated z statistic is 3.98, which is within the critical range. The Praxis
researcher rejected the null hypothesis and accepted the alternative hypothesis that the
mean readmission rate for urban hospitals is not the same as the mean AMC readmission

rate.
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Mean Readmission Rate hypothesis test: Urban Hospital versus Rural Hospital

Ho: Urban hospital mean readmission rate = Rural hospital mean readmission rate

H,: Urban hospital mean readmission rate # Rural hospital mean readmission rate

Hypothesis Test Conclusion:

The calculated z statistic is -2.52, which is within the critical range. The Praxis
researcher rejected the null hypothesis and accepted the alternative hypothesis that the
mean 30-day readmission rate for urban hospitals is not the same as the mean
readmission rate for rural hospitals.

In conclusion, the Praxis researcher rejected the null hypothesis and accepted the
alternative hypothesis when comparing the mean readmission rates for the three hospital
types against each other. The rates vary across the different types. The AMC readmission
rate is higher than the rates at urban and rural hospitals. Rural hospitals have higher
readmission rates than urban hospitals.

4.4.3 Hypothesis Testing: Mortality Rates by Hospital Type (HCUP Data)

H3: Cardiac patient outcomes (morbidity rates) are improved at AMC:s.

To test Hypothesis 3, the Praxis researcher used two-sided proportion hypothesis tests
to compare mortality rates for each hospital type and the data set population.

The HCUP data set uses the binary variable DIED to track the morbidity state, where
0 represents patients who survived to discharge and 1 represents patients who died during

the hospital stay.
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Table 15 displays the applicable statistics for the analysis of mortality rates, by
hospital type and population: p value, standard deviation, z statistic, sample size, and
confidence intervals.

The null hypothesis for testing the difference between the two proportions is:

Ho:pl =p2

The alternative hypothesis was based on a two-sided test:

H.:pl #p2

(Walpole & Myers, 1978).

The critical region for the hypothesis testing was z <-1.96 or z > 1.96, for a two-sided
test in which a = .05. The null hypothesis is rejected if the calculated z statistic is in the
critical region.

The proportion of patients who died during hospitalization is contained in Table 15.
The proportion of deaths at each type of medical center was compared to the population

proportion who died, using a proportion comparison test.

83



Table 15 - Statistics for Comparing Mortality Rates by Hospital Type and Data Set

Population
Hospital p Standard z Sample Confidence
Type Deviation | Statistic Size Interval (95%)
Rural 0.0367 0.0013 | -2.43 22,434 (0.0340,
0.03922)
Urban 0.0396 0.0007 | -0.26 65,642 (0.0381135,
0.0410971)
AMC 0.0401 0.00035 | 0.59 313,262 (0.0394192,
0.0407933)
Population 0.0398 0.00031 401,338 (0.0392237,
0.0404337)

Note. Proportion of Cardiac Patients who died in hospital, from Stata Software.

Morbidity Proportion hypothesis test: Rural Hospital versus Population

Ho: Rural Hospital p (0.0367) = Population p (0.0398)

Ha: Rural Hospital p # Population p

Hypothesis Test Conclusion:

The calculated z statistic is -2.43, which is within the critical region. The Praxis

researcher rejected the null hypothesis and accepted the alternative hypothesis that

mortality rates for rural hospitals are not the same as the population mortality rate. The

rural hospital mortality rate is lower.
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Morbidity Proportion hypothesis test: Urban Hospital versus Population

Hy: Urban Hospital p (0.0396) = Population p (0.0398)

H,: Urban Hospital p # Population p

Hypothesis Test Conclusion:

The calculated z statistic is -0.26, which is outside the critical region. The Praxis
researcher failed to reject the null hypothesis that mortality rates for urban hospitals are

the same as the population mortality rate.

Morbidity Proportion hypothesis test: AMC versus Population

Ho: AMC p (0.0401) = Population p (0.0398)

H,: AMC p # Population p

Hypothesis Test Conclusion:

The calculated z statistic is 0.59, which is outside the critical region. The Praxis
researcher failed to reject the null hypothesis that mortality rates for AMCs are the same

as the population mortality rate.

In comparing mortality rates for the hospital types to the population mortality rate, the
Praxis researcher failed to reject the null hypothesis for both urban hospitals and AMC:s,

finding no difference from the population mortality rate. For rural hospitals, the Praxis

85



researcher accepted the alternative hypothesis that the mortality rate is not the same as the

population mortality rate.

In the next set of hypothesis tests, the Praxis researcher compared the mortality

rate for each hospital type to every other type.

Morbidity Proportion hypothesis test: Rural Hospital versus Urban Hospital

Ho: Rural Hospital p (0.0367) = Urban Hospital p (0.0396)

H,: Rural Hospital p # Urban Hospital p

Hypothesis Test Conclusion:

The calculated z statistic is -1.95, which is outside the critical region. The Praxis
researcher failed to reject the null hypothesis that the rural hospital mortality proportion
is the same as the urban hospital mortality proportion.

4.4.3.5 Morbidity Proportion hypothesis test: Rural Hospital versus AMC

Ho: Rural Hospital p (0.0367) = AMC p (0.0401)

Ha: Rural Hospital p # AMC p

Hypothesis Test Conclusion:

The calculated z statistic is -2.53, which is within the critical region. The Praxis

researcher rejected the null hypothesis and accepted the alternative hypothesis that the
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rural hospital mortality proportion is not the same as the AMC mortality proportion. The

rural hospital proportion is less than the AMC mortality proportion.

Morbidity Proportion hypothesis test: Urban Hospital versus AMC

Ho: Urban Hospital p (0.0396) = AMC p (0.0401)

Ha: Urban Hospital p # AMC p

Hypothesis Test Conclusion:

The calculated z statistic is -0.6, which is outside the critical region. The Praxis
researcher failed to reject the null hypothesis that the urban hospital mortality proportion

is the same as the AMC mortality proportion.

There is variation in the morbidity rate among the rural, urban, and AMC hospitals,
The morbidity rate for rural hospitals is not statistically different from the morbidity rate
for urban hospitals. There is a statically significant difference with the AMC morbidity
rate, with the rural hospital morbidity rate being lower. The urban hospital morbidity rate

is the same as the AMC morbidity rate.

4.4.4 Hypothesis Testing: Mean Total Charges by Hospital Type (HCUP Data)

The following hypothesis tests examine whether the mean total charges for a cardiac
patient for a hospital stay at the three types of medical centers are the same or are
different. As noted in section 4.3 of this Praxis, total charges are represented in the HCUP
data set by the variable TOTCHG. To test this hypothesis, the Praxis researcher used two-
sided hypothesis tests to compare mean total charges for each hospital type and the data

set population.
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Table 16 - Statistics for Comparing Mean Total Charges by Hospital Type and Data

Set Population
Hospital Mean Total | Standard z Sample Confidence
Type Charges ($) | Deviation | Statistic | Size Interval (95%)
Rural 67,181.15 67,990.78 | -49.7 22,434 (66,291,
68,070.9)
Urban 108,029.9 127,208.9 | -22.8 65,642 (107,056.7,
109,003)
AMC 129,648.2 178,029.2 | 23.55 313,262 (129,024.7,
130,271.6)
Population 122,620.5 167,000.3 401,338 (123,103.9,
123,137.2)

Note. HCUP Mean Total Charges from Stata Software.

The first set of hypothesis tests below compares mean total charges for each hospital type

to that of the data set population.

Mean Total Charges hypothesis test: Rural Hospital versus Population

Ho: Rural Hospital Mean Total Charges = Population Mean Total Charges

H,: Rural Hospital Mean Total Charges # Population Mean Total Charges

Hypothesis Test Conclusion:

The calculated z statistic is -49.7, which lies inside the critical region. The null

hypothesis is rejected. The alternative hypothesis that the rural hospital mean total
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charges are not the same as the population mean total charges is accepted. The rural

hospital mean total charges are lower.

Mean Total Charges hypothesis test: Urban Hospital versus Population

Ho: Urban Hospital Mean Total Charges = Population Mean Total Charges

H,: Urban Hospital Mean Total Charges # Population Mean Total Charges

Hypothesis Test Conclusion:

The calculated z statistic is -22.8, which lies inside the critical region. The null
hypothesis is rejected. The alternative hypothesis that the urban hospital mean total
charges are not the same as the population mean total charges is accepted. The urban

hospital mean total charges are lower.

Mean Total Charges hypothesis test: AMC versus Population

Ho: AMC Mean Total Charges = Population Mean Total Charges

Ha: AMC Mean Total Charges # Population Mean Total Charges
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Hypothesis Test Conclusion:

The calculated z statistic is 23.55, which lies inside the critical region. The Praxis
researcher rejected the null hypothesis and accepted the alternative hypothesis that the
AMC mean total charges are not the same as the population mean total charges. The
AMC mean total charges are higher.

In comparing mean total charges by hospital type to population mean total
charges, the Praxis researcher found variations from the population mean total charges
for every hospital type. Mean total charges were lower for rural and urban hospitals and
higher for AMCs.

The following hypothesis tests compare mean total charges for each hospital type
to those for every other type.

Mean Total Charges hypothesis test: Rural Hospital versus Urban Hospital

Ho: Rural Hospital Mean Total Charges = Urban Hospital Mean Total Charges

Ha: Rural Hospital Mean Total Charges # Urban Hospital Mean Total Charges

Hypothesis Test Conclusion:

The calculated z statistic is -60.62, which lies in the critical region. The Praxis
researcher rejected the null hypothesis and accepted the alternative hypothesis that rural
hospital mean total charges are not the same as urban hospital mean total charges. Rural
hospital mean total charges are lower.

Mean Total Charges hypothesis test: Rural Hospital versus AMC

Ho: Rural Hospital Mean Total Charges = AMC Mean Total Charges

H,: Rural Hospital Mean Total Charges # AMC Mean Total Charges
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Hypothesis Test Conclusion:

The calculated z statistic is —110.0, which lies in the critical region. The Praxis
researcher rejected the null hypothesis and accepted the alternative hypothesis that rural
hospital mean total charges are not the same as AMC mean total charges. Rural hospital

mean total charges are lower.

Mean Total Charges hypothesis test: Urban Hospital versus AMC

Ho: Urban Hospital Mean Total Charges = AMC Mean Total Charge

Ha: Urban Hospital Mean Total Charges # AMC Mean Total Charges

Hypothesis Test Conclusion:

The calculated z statistic is -36.664, which lies in the critical region. The Praxis
researcher rejected the null hypothesis and accepted the alternative hypothesis that urban
hospital mean total charges are not the same as AMC mean total charges. Urban hospital
mean total charges are lower.

The hypothesis tests demonstrate that AMCs have the highest mean total charges for
cardiac events in comparison to rural and urban hospitals.

4.5 Regression and Validation Models for HCUP and Hospital Compare Data
Sets

Regression models are used to predict outcomes based on a data set. As research has
shown, the 30-day readmission rate has a significant impact on the cost of healthcare
(Loccoh et al., 2022). As noted previously, the HCUP data did not include readmission
rate data in the NIS data set, therefore, the Praxis researcher had to examine readmission

rates from the Hospital Compare data set.
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4.5.1 Hospital Compare Data Regression and Validation Models

Figures 21 through 32 compare 30-day readmissions to total discharges for the
Hospital Compare data set. Scatterplots and models, using simple linear regression, are
provided for the data set population and for each hospital type: rural, urban, and AMC.
All Hospital Compare models were created with Minitab and use the model validation

characteristic.

Regression Analysis for Population

The scatterplot displayed in Figure 21 shows a linear relationship between readmissions

and total discharges for the data set population.
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Figure 21 - Scatterplot of Population Readmissions versus Population Total

Discharges

Scatterplot of Readmit vs Total Discharges
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Note. The Hospital Compare Data Scatterplot with the population generated in Minitab.

SLR Analysis of Population Readmissions versus Population Total Discharges

The Praxis researcher generated a simple linear regression (SLR) based on the cardiac
event observations of the Hospital Compare data set. The predictor variable is the total
discharges and the response variable is the 30-day readmittance rate. Four SLR models

were created for: 1) The entire cardiac population, 2) rural hospitals, 3) urban hospitals,
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and 4) AMCs. Figure 22 provides the Minitab output for the Simple Linear Regression

(SLR) model for the population.
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Figure 22 - SLR Analysis of Population Readmissions versus Population Total

Discharges

Regression Analysis: Readmit versus Total Discharges

Regression Equation

Readmit = -2.382
+0.190683 Total Discharges

Coefficients
Term Coef SE Coef T-Value P-Value VIF
Constant -2.382 0.204 -11.66 0.000
Total 0.190683 0.000642 297.13 0.000 1.00
Discharges

Model Summary

S R-sq R-sq(adj) R-sq(pred)
11.6172 92.13% 92.13% 92.11%

Analysis of Variance

Source DF AdjSS AdjMS F-Value P-Value
Regression 1 11914907 11914907 88284.93 0.000
Total Discharges 1 11914907 11914907 88284.93 0.000
Error 7538 1017326 135

Lack-of-Fit 867 358857 414 4.19 0.000
Pure Error 6671 658469 99

Total 7539 12932233

Note. Hospital Compare Data for all heart patient data using Minitab Regression Function.

The output displays the values for the population regression equation (¥ =-2.382
+ 0.190683x). The slope intercept indicates the 30-day readmittance rate for population is
19.06%. The F value is 88,284.93. The Praxis researcher rejected the null hypothesis that
B1= 0 and accepted the alternative hypothesis that 1 # 0. The R’ value is 0.9213, so the

model explains 92.13% of the variation.
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SLR Analysis of Validation Model: Population Readmissions versus Population
Total Discharges
Figure 23 displays the validation model output comparing readmissions to discharges

for all patients in the data set.

The validation model output from Minitab shown in Figure 23 is based on a
validation test set with almost the same equation (¥ =-2.352 + .190087 x) as the model in
Figure 22, so the Praxis researcher validated the model for the study population using a

40% training data set fraction.
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Figure 23 - SLR Analysis of Validation Model: Population Readmissions versus

Population Total Discharges

Validation Regression Analysis: Readmit versus Total Discharges
for all Heart Patients

Method

Test set fraction 40.0%
Regression Equation

Readmit = -2.352
+0.190087Total Discharges

Coefficients
Term Coef SE Coef T-Value P-Value VIF
Constant -2.352 0.270 -8.72 0.000
Total 0.190087 0.000844 225.15 0.000 1.00
Discharges

Model Summary

S R-sq R-sq(adj) R-sq(pred) TestS TestR-sq
11.8187 91.81% 91.81% 91.77% 11.3115 92.61%

Analysis of Variance

Source DF AdjSS AdjMS F-Value P-Value
Regression 17081101 7081101 50694.24 0.000
Total Discharges 17081101 7081101 50694.24 0.000
Error 4522 631644 140

Lack-of-Fit 743 275083 370 3.92 0.000
Pure Error 3779 356561 94

Total 4523 7712745

Note. Hospital Compare Data for all heart patient data using Minitab Regression Validation Function.

Regression Analysis for Rural Hospitals

The scatterplot displayed in Figure 24 shows a linear relationship between

readmissions and total discharges for rural hospitals.
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Figure 24 - Scatterplot of Rural Hospital Readmissions versus Rural Hospital

Discharges

Scatterplot of Readmit vs Total Discharges
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Note. Hospital Compare Data for rural hospital heart patient data using Minitab Scatterplot Function.

Figure 25 displays the Minitab output for the SLR model for rural hospitals.

The output displays the values for the rural hospital regression equation (¥ =-2.311 +
0.191065x). The F value of 54,347.36 supports the rejection of the null hypothesis that B;
= 0 and supports acceptance of the alternative hypothesis that 1 #0. R? is 0.9256, so the

model explains 92.56% of the variation.
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Figure 25 - SLR Analysis of Rural Hospital Readmissions versus Rural Hospital

Total Discharges

Regression Analysis: Readmit versus Total Discharges

Regression Equation

Readmit = -2.311
+0.191065 Total Discharges

Coefficients
Term Coef SE Coef T-Value P-Value VIF
Constant -2.311 0.266 -8.68 0.000
Total 0.191065 0.000820 233.13 0.000 1.00
Discharges

Model Summary

S R-sq R-sq(adj) R-sq(pred)
11.7635 92.56% 92.56% 92.52%

Analysis of Variance

Source DF AdjSS AdjMS F-Value P-Value
Regression 1 7520559 7520559 54347.36 0.000
Total Discharges 1 7520559 7520559 54347.36 0.000
Error 4367 604303 138

Lack-of-Fit 743 288034 388 4.44 0.000
Pure Error 3624 316269 87

Total 4368 8124862

Note. Hospital Compare Data for Rural heart patient data using Minitab Regression Function.

Regression Validation Model for Rural Hospitals

The model for rural hospitals (output shown in Figure 26) was validated using K-fold
cross-validation, with the number of folds equal to 10. The validation model yielded a
regression equation (Y =-2.311 + 0.191065x), which is the same as for the model in

Figure 24.

99




Figure 26 - SLR Analysis of Validation Model: Rural Hospital Readmissions versus

Rural Hospital Total Discharges

Validation Regression Analysis: Readmit versus Total Discharges
for Rural Heart Patients

Method

Cross- 10-fold
validation

Regression Equation

Readmit = -2.311
+0.191065 Total Discharges

Coefficients
Term Coef SE Coef T-Value P-Value VIF
Constant -2.311 0.266 -8.68 0.000
Total 0.191065 0.000820 233.13 0.000 1.00
Discharges

Model Summary

S R-sq R-sq(adj) R-sq(pred) 10-fold S 10-fold R-sq
11.7635 92.56% 92.56% 92.52% 11.8122 92.50%

Analysis of Variance

Source DF AdjSS AdjMS F-Value P-Value
Regression 1 7520559 7520559 54347.36 0.000
Total Discharges 1 7520559 7520559 54347.36 0.000
Error 4367 604303 138

Lack-of-Fit 743 288034 388 4.44 0.000
Pure Error 3624 316269 87

Total 4368 8124862

Note. Hospital Compare Data for Rural heart patient data using Minitab Regression Validation Function.

Regression Analysis for Urban Hospitals

The scatterplot displayed in Figure 27 shows a linear relationship between

readmissions and total discharges for urban hospitals.
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Figure 27 - Scatterplot of Urban Hospital Readmissions versus Urban Hospital

Total Discharges
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Note. Hospital Compare Data for urban hospital heart patient data using Minitab Scatterplot Function.

Figure 28 displays the Minitab output for the SLR model with urban
hospitals. The output displays the values for the urban hospital regression equation (¥ = -
2.125 +0.18792x). The F value of 27,931.62 supports the rejection of the null hypothesis
(B1 = 0) and supports the acceptance of the alternative hypothesis (B1 # 0). The R? is

0.9081, so the model explains 90.81% of the variation.

101



Figure 28 - SLR Analysis of Urban Hospital Readmissions versus Urban Hospital

Total Discharges
Regression Analysis: Readmit versus Total Discharges

Regression Equation

Readmit = -2.125
+ 0.18792 Total Discharges

Coefficients
Term Coef SE Coef T-Value P-Value VIF
Constant -2.125 0.341 -6.24 0.000
Total 0.18792 0.00112 167.13 0.000 1.00
Discharges

Model Summary

S R-sq R-sq(adj) R-sq(pred)
11.3587 90.82% 90.81% 90.78%

Analysis of Variance

Source DF AdjSS AdjMS F-Value P-Value
Regression 13603747 3603747 27931.62 0.000
Total Discharges 13603747 3603747 27931.62 0.000
Error 2824 364353 129

Lack-of-Fit 629 169879 270 3.05 0.000
Pure Error 2195 194475 89

Total 2825 3968100

Note. Hospital Compare Data for Urban heart patient data using Minitab Regression Function.

Regression Validation for the Urban Model

The SLR for urban hospitals (output shown in Figure 29) was validated using K-
fold cross-validation, with the number of folds equal to 10. The validation model
regression equation (¥ =-2.125 + 0.18792x) is the same as the regression equation for the

model in Figure 28.
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Figure 29 - SLR Analysis of Validation Model: Urban Hospital Readmissions
versus Total Urban Hospital Discharges

Regression Analysis: Readmit versus Total Discharges

Method

Cross- 10-fold
validation

Regression Equation

Readmit = -2.125
+ 0.18792 Total Discharges

Coefficients
Term Coef SE Coef T-Value P-Value VIF
Constant -2.125 0.341 -6.24 0.000
Total 0.18792 0.00112 167.13 0.000 1.00
Discharges

Model Summary

S R-sq R-sq(adj) R-sq(pred) 10-fold S 10-fold R-sq
11.3587 90.82% 90.81% 90.78% 11.3776 90.78%

Analysis of Variance

Source DF AdjSS AdjMS F-Value P-Value
Regression 13603747 3603747 27931.62 0.000
Total Discharges 13603747 3603747 27931.62 0.000
Error 2824 364353 129

Lack-of-Fit 629 169879 270 3.05 0.000
Pure Error 2195 194475 89

Total 2825 3968100

Note. Hospital Compare Data for Urban heart patient data using Minitab Regression Validation Function.

Regression Analysis for AMCs

The scatterplot displayed in Figure 30 shows a linear relationship between

readmissions and total discharges for AMCs.
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Figure 30 - Scatterplot of AMC Readmissions versus AMC Total Discharges

Scatterplot of Readmit vs Total Discharges
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Note. Hospital Compare Data for AMC hospital heart patient data using Minitab Scatterplot Function.

The output shown in Figure 31 displays the values for the AMC regression
equation (Y =-3.844 + 0.20036x). The F value of 5,793.57 means the null hypothesis that
B1= 0 can be rejected and the alternative hypothesis that 1 # 0 should be accepted. The

R? is 0.9446, so the model explains 94.46% of the variation.
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Figure 31 - SLR Analysis of AMC Readmissions versus AMC Total Discharges

Regression Analysis: Readmit versus Total Discharges

Regression Equation

Readmit = -3.844
+0.20036 Total Discharges
Coefficients
SE T- P-
Term Coef Coef Value Value VIF
Constant -3.844 0.949 -4.05 0.000
Total 0.20036 0.00263 76.12 0.000 1.00
Discharges
Model Summary
R- R-
S R-sq sq(adj) sq(pred)
11.4928 94.46% 94.44% 94.35%
Analysis of Variance
Adj F- P-
Source DF Adj SS MS Value  Value
Regression 1 765246 765246 5793.57 0.000
Total 1 765246 765246 5793.57 0.000
Discharges
Error 340 44909 132
Lack-of-Fit 250 38077 152 2.01 0.000
Pure Error 90 6832 76
Total 341 810155

Note. Hospital Compare Data for Urban heart patient data using Minitab Regression Function.

Regression Validation for the AMCs

Figure 32 shows the model for AMCs was validated using K-fold cross
validation, with the number of folds equal to 10. The validation model regression
equation (Y =-3.844 + 0.20036x) is the same as the regression equation for the model in

Figure 31.
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Figure 32 - SLR Analysis of Validation Model: AMC Hospital Readmissions versus
AMC Total Discharges

Regression Analysis: Readmit versus Total Discharges

Method

Cross- 10-
validation fold

Regression Equation

Readmit = -3.844
+0.20036 Total Discharges
Coefficients
SE T- P-
Term Coef Coef Value Value VIF
Constant -3.844 0.949 -4.05 0.000
Total 0.20036 0.00263 76.12 0.000 1.00
Discharges
Model Summary
R- R- 10- 10-fold
S R-sq sq(adj) sq(pred) fold S R-sq
11.4928 94.46% 94.44% 94.35% 11.5579 94.36%
Analysis of Variance
Adj F- P-
Source DF Adj SS MS Value Value
Regression 1 765246 765246 5793.57 0.000
Total 1 765246 765246 5793.57 0.000
Discharges
Error 340 44909 132
Lack-of-Fit 250 38077 152 2.01 0.000
Pure Error 90 6832 76
Total 341 810155

Note. Hospital Compare Data for AMC heart patient data using Minitab Regression Validation Function.

Conclusion:
The simple linear regression models for the three types of medical centers do not

overfit the data because the Praxis researcher did not see a fundamental difference in R’
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versus the adjusted R°. The three models and the population model were validated using
training set data or K-Fold Validation (using Minitab) and yielded the same regression
equations as the full data sets.

The models showed no signs of missing observations or invalid data. Patients and
healthcare industry workers can, therefore, use these models to predict 30-day
readmission rates and to understand the probability of patients being readmitted to
hospitals for cardiac events.

4.5.2 Regression Analysis of HCUP Data
This section presents the stepwise linear regression analysis of the HCUP data set,

conducted in Stata.

The Praxis researcher analyzed data from the downloaded 2020 HCUP data set. The
original data set contained over 6.5 million observations and 1,058 variables. The Praxis
researcher filtered the data as described in Chapter 3 for cardiac events, which yielded
401,338 observations.

Independent variables for the analysis were selected based on the prior research
discussed in Chapter 2 of this Praxis. These variables included patient age, income level,
number and type of comorbidities, and severity of illness. The research showed that age

is one of the most significant risk factors associated with cardiac events.

Figure 18, which displays a scatterplot of the dependent variable for total charges
(TOTCHG) versus Age, showed significant outliers for Age. In addition, the histogram of

Age displayed in Figure 16 showed the distribution is skewed to the left.
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The box plot for the age variable of heart patient observations (see Figure 33) clearly
shows outliers. The Praxis researcher, therefore, decided to examine data within an age

range of 30-80 and remove outliers based on the results of the box plot.

Figure 33 - Box Plot of Age
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Note. HCUP Age Data heart patient data using Stata Boxplot Function

The heavy blue line indicates outliers where age is less than 30 in Figure 33.
Fifty percent of the data are between 59 and 79, as shown within the blue rectangle in

Figure 33.

The initial stepwise regression with 28 variables in Figure 34 shows an R* of 0.5305

and eliminates variables for the hypothyroidism comorbidity (underactive thyroid
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disease), Severity of Illness, Diagnosis Related Group version, multiple injuries on
record, and Risk of Mortality. For the stepwise regression, the threshold level for a
variable to be entered in the model was 0.05 (pr in Figure 34) and the significance level
for a variable to leave in the model was 0.01 (pe in Figure 34). The F value for the model
of 14,157.51 is very large, indicating there is at least one nonzero regression coefficient

in the model.

Figure 34 - Stepwise Linear Regression Analysis of HCUP Data (Part 1)

stepwise, pr(.05) pe(.01) : regress TOTCHG AGE DIED DISCWT DISPUNIFORM DQTR DRG DRGVER FEMALE HCUP_ED HOSP_DIVISION I10_INJURY I1@ NDX I1@_NPR LO
5 LO5_LOCTEACH PAYL RACE PCLAS5_ORPROC PL_NCHS I10 INJURY PRDAY1 I10 MULTINJURY PRDAY1 I1@ SERVICELINE TRAN IN TRAN_OUT HOSP_REGION ZIPINC_QRTL H
05P_LOCTEACH APRDRG APRDRG_Risk Mortality APRDRG_Severity CMR_DIAB_UNCX CMR_HTN (X CMR_THYROID HYPO if AGE > 30 & AGE < 80

ote: 0.DISCHT omitted because of estimability.

ote: I1@_INJURY omitted because of estimability.

ote: PROAY1 omitted because of estimability.

ald test, begin with full model:

= 0.4970 = 0.8500, removing CMR_THYROID HYPO

= 0.5486 »= 0.850@, removing APRDRG Severity

= 0.4149 »= 0.8500, removing DRGVER

= 0.2034 »= 0.8500, removing 110 MULTINJURY

= 0.1607 »= 0.8500, removing APRDRG Risk Mortality

Source 55 df M5 Number of obs = 313,322
F(25, 313296) = 14157.51

Model 4,7519e+15 25 1.9007e+14 Prob > F = 0.0000
Residual 4.2062e+15 313,296 1.3426e+10 R-squared = 0.5305
Adj R-squared =  0.5304

Total 8.9581e+15 313,321 2.8591e+18 Root MSE = 1.2e+05

Note. HCUP Data set Stepwise Linear Regression using Stata Software
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Figure 35 - Stepwise Linear Regression Coefficient Output from Stata (Part 2)

TOTCHG | Coefficient Std. err. t P> |t| [95% conf. interval]
________________ e o o o D T D e o S S o e
AGE | -207.8135 15.327@7 -13.56 .eee -237.8541 -177.7729

DIED | 49913.9  1885.636 26.47 eee 46218.11 53609.69
DISPUNIFORM | -738.8936 94.34169 -7.83 0ee -923.80685 -553.9867
DQTR | 1995.777  158.5799 12.59 .0ee 1684.965 2306.589

DRG | -132.7581 2.833899 -65.27 .eee -136.7445 -128.7717
CMR_HTN_UNCX | -4142.748 491.2974 -8.43 .eee -5185.677 -3179.82
FEMALE | -2279.657 379.1327 -6.81 .0Be -3822.746  -1536.568
HCUP_ED | -871@.541  283.1539 -38.76 .eee -9265.514  -8155.568
HOSP_DIVISION | 16374.77  255.8692 64.28 .eee 15874.84 16874.69
110 _NDX | 114.4459  32.79985 3.49 0ee 50.15914 178.7326

I18_NPR 18395.64 76.0115 136.76 eee 168246.66 16544.62

LOS 4602.854  162.9336 28.25 eee 4283.509 4922.199
LOS_LOCTEACH 2.9111e4  .8422817 47.56 .0ee 1.928233 2.893975
PAY1 -1649.894  176.5877 -9.34 -1995.281  -1302.987

RACE 2742.947  176.8145 15.58 .Baa 2397.984 3887.93
PCLASS_ORPROC 31896.19  792.6502 48.24 .0ee 3@342.62 33449.77
PL_NCHS -5678.147  138.95%65 -48.86 .0ee -5950.498  -5485.797

CMR_DIAB_UNCX 4351.835 581.16081 7.49

I

I

I

I

I

I

I

| 808 3212.779  5490.892

110 _SERVICELINE | -42212.43  803.695 -52.56

I

I

I

I

I

I

I

I

eee -43786.48  -408638.39
eee -18734.7  -90805.949
.0ee -3064.322  -1817.276
.0ee -24082.94 -21671.5
.Bea 2852.392 2762.44
.0ee -11251.33 -9471.674
.0ee -5.28193  -2.328594

TRAN_IN -9870.325 441.0149  -22.38
TRAN_OUT -2448.799  318.1289 -7.67
HOSP_REGION -22877.22 615.1715  -37.19
ZIPINC_QRTL 2487.416  181.1373 13.29
HOSP_LOCTEACH -18361.5 454 -22.82
APRDRG -3.805262  .7534135 -5.85
CMR_HTN_CX 6685.142  459.6613 14.54 Bae 5784.22 7586.064
_cons 262484.9 4635.62 56.61 eee 253319.2 2714908.6

mEO0 0000000000000 E®
[~]
[x~]
=]

Note. HCUP Data Set Stepwise Linear Regression using Stata Software.

The p values in Figure 35 show that no variable exhibited collinearity. Because
the p values were all zero, no independent variables are missing based on Goodness of Fit
nor is there evidence of variable interactions in the model.

4.5.2.1 Additional Statistical Analyses of HCUP Data

A normal quantile plot of the dependent variable (response variable) Total Charges
was created to assess if the dependent variable is normally distributed. In Figure 36, the
normal quantile plot shows the line is non-linear, and therefore, does not follow a normal
distribution. This indicates that a mathematical transformation of the dependent variable

in the regression should be considered. (The observations that were plotted were limited
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to the restriction where Age is greater than 30 but less than 80). After the dependent
variable was transformed using the natural logarithm, the Praxis researcher replotted the
normal quantile. Figure 37 shows the normal quantile distribution of the transformed

dependent variable, and the bulk of the data follows a straight line.

Figure 36 - Quantile Plot of the Total Charges Dependent Variable (30 < Age < 80)

10000000 +

8000000

6000000 A

4000000

Total charges (cleaned)

2000000

0_

T T T T T
-1000000 -500000 0 500000 100000(
Inverse normal

Note. HCUP Total Charges Data Stata Normal Quantile Plot Function.
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Figure 37 - Quantile Plot of the Total Charges Dependent Variable Transformed by

the Natural Logarithm (30 < Age < 80)

151
)
I
O
|
£ 10-
<
T
o
51 W
T T T T T
8 10 12 14 16

Inverse normal

Note. HCUP Total Charges Data Stata Normal Quantile Plot Function.

The skewness and kurtosis of the dependent variable were calculated using the Stata

function with results shown in Figure 38.
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Figure 38 - Skewness and Kurtosis of Total Charges Variable after the Natural

Logarithm transformation

Skewness and kurtosis tests for normality

Joint test
Variable ‘ Obs  Pr(skewness) Pr(kurtosis) Adj chi2(2) Prob>chi2

CHARGECHG ‘ 314,580 0.0560 0. 0000

Note. HCUP Total Charges Data Stata Kurtosis and Skewness Function.

The skewness (0.0560) of the transformed dependent variable is slightly positive
which means that the data has a right skew. This means that the majority of the Total
Charges data are concentrated on the left-hand side of the distribution and the Mean is
greater than the Median. The Median is greater than the Mode.

The kurtosis is a measure of whether the distribution has heavy or light tails and a 0
for kurtosis means the distribution is flatter when compared to the normal distribution.

All ensuing regression analyses performed on the HCUP data set used the
transformed dependent variable, which was named CHARGECHG or Chargechg.

Using the Stata statistics tool, another stepwise regression was run with the

transformed dependent variable Chargechg.
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Figure 39 - Stepwise Regression with the Transformed Dependent Variable (30 <

Age < 80)

L

> OC PL_NCHS PRDAY1 I18 MULTINJURY 110 SERIEE
note: 0.DISCWT omitted because of estimab
Wald test, begin with full model:

p = 0.9457 >= 9.0508, removing DRGVER
p = ©.6338 »>= 0.0508, removing 116 MULTINJURY

» R_THYROID_HYPO TOTAL_DISC CMR_HTN_UNEX if AGE > 30 & AGE < 80

L

. stepwise, pr(.05) pe(.01) : regress CHARGECHG AGE DISCWT DISPUNIFORM DQTR DRG DRGVER HCUP_ED HOSP_DIV I10_INJURY I18_NDX I18_NPR LOS NEWln PAY1 RACE PCLASS_ORP
QUT HOSP_REGION ZIPINC_QRTL HOSP LO(TEMH APRDRG APRDRG_Risk _Mortality CMR_DIAB_UNCX CMR_HTN CK [

dp = 0.5716 3= 0.0580, remcving CMR_THYROID_HYPO ¢
p = 0.5084 >« 0.0588, removing I116_INIURY In this version of the model:
* The dependent variable TOTCHG
Source 55 df M Number of obs = 074 rted usine th tural
F27, 306362) = was converted using the natura
Model | 159472.278 27 5906.38068 Prob » F - o logarithm
Residual 103531.866 306,382 .337917586 R-squared = * FValueis Iarger than F statistic so
Adj R-squared = Bk dal i i
Total | 263004.144 306,400 858343404 Root MSE = .58131 maodel is a good fit
| ~ * R?is over 60% 4
-’ A

0

Note. Stata Stepwise Regression Utility with the HCUP Data dependent variable transformed using a natural
logarithm

A second stepwise regression was run in Stata with the transformed dependent

variable total charges. In Figure 39, the R?is 0.6063 with an F Value of 17,478.76 which

means that that /" value is greater than the F' test statistic, so the model is a good fit. At

least one of the regression coefficients is non-zero. The stepwise regression removed the

Diagnosis Related Group Version number, the Multinjury, and Thyroid Comorbidity

independent variables as having little impact on the dependent variable. Figure 40 shows

a table of the coefficients and p values.
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Figure 40 - Stepwise Regression with the Transformed Dependent Variable

Regression Coefficients (30 < Age < 80)

CHARGECHG | Coefficient 5td. err. t P>t [95% conf. interwval]

AGE . 8086465 . 820111 5.82 9. 000 . 8004289 . 0008654
DISPUNIFORM 811192 .20083061 36.57 0. 000 .0185921 .8117919
DQTR .8123432 .2089151 13.49 0. 000 .8185496 .0141368

DRG - . 8205918 . 8000116 -51.22 9. 000 - . 0006144 -. 8885691
CMR_HTHN_UNCX .@2767949 .8027937 9.91 0. 000 .0222044 .B@331555
HCUP_ED . 8897632 . 8816543 5.90 9. 000 . 8865209 . 81380855
HOSP_DIVISION 1388037 .2814768 93.499 0. 000 .1359093 1416981
CMR_HTN_CX .B638133 .B8026722 23.58 9. 000 8577759 .BeE2508
Ilé@_NDX .8845465 .2081944 23.38 0. 000 .2841654 .2949276

I18 NPR .8439779 . 020428 182.75 9. 000 .843139 . 8448168

LOS .@156172 . 2002658 58.75 . 000 8158962 .8161382

NEW1n .3174125 .8028553 154.43 0. 000 .3133841 .3214469

PAYL .80291 . 8089702 3.00 9.003 . Be10084 . 2848117

RACE . 2096133 .8018055 9.56 0. 000 .8076425 .0115842

PCLASS ORPROC .216789 .8058131 43.24 9. 000 . 2069634 .2266145
PL_NCHS -.848344 .2087929 -58.88 0. 000 -.8418981 -.8387599
PRDAYL -.8a45788 . 2084166 -18.99 9. 000 -.8853953 -.8837623
TOTAL_DISC . 0000134 4.35e-07 30.93 0. 000 . 2080126 . 0000143
Ile SERVICELINE -.6638992 .8058783 -130.57 9. 000 -.6738525 -.6531458
TRAN_IN -.8612864 . 8825916 -23.65 9. 000 -.B8663659 -.8562069
TRAN_OUT -.8a47955 .2819108 -2.51 @.e12 - . 0085407 -.8810504
HOSP_REGION -.218175 8835611 -61.27 9. 000 -.2251547 -.2111953
ZIPINC_QRTL .B868293 .eeia44 6.54 0. 000 .8047831 .BAB8756
HOSP_LOCTEACH -.1377234 .8024723 -55.71 9. 000 -.142569 -.1328778
APRDRG - . 000028 4.39e-06 -6.37 0. 000 - . BO0A366 - . 0200194
\PRORG_Risk Mortality .BO25885 .B8010043 2.58 @.e1e . 8086201 .BB45568
CMR_DIAB_UNCX . 834166 8832678 18.46 0. 000 8277612 . 2485708
_cons 11.12657 3314855 353.39 0.000 11.86486 11.18828

Note. Stata Stepwise Regression Utility with the HCUP Data dependent variable transformed using a natural
logarithm - regression coefficients.

Stata does not have the same model validation tools as Minitab. However, there
are two ways to validate the HCUP regression model, Lasso and a Training set. The
theory behind Lasso regression model is explained in Chapter 3. Using the Stata utility
Lasso to validate the Stepwise Regression Model showed that the calculated lambda as

shown in Figure 41 is close to zero (0.0016225). Therefore, the penalty term A discussed
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in Chapter 3 of this Praxis has no effect and Lasso regression produces the same

regression coefficients as the least squares method (Bobbitt, 2020).

Lasso linear model
Selection: Adaptive ridge

Final adaptive step results

No. of obs
No. of covariates
No. of lasso steps

Figure 41- Lasso Regression with the Transformed Dependent Variable Regression

(30 < Age < 80)

306,410
27
2

* 282:

No. of OQut-of- CV mean

nenzero sample  prediction

D Description lambda coef. R-squared error

1el first lambda 16.22518 a 9.0002 .8581613

199 lambda before . 0017807 23 9.6062 .3380538
—selected lambda  .0916225 23 0.6062

.3380477

* lambda selected by cross-validation in final adaptive step.

Note. Stata Lasso Regression Utility with the HCUP Data dependent variable transformed using a natural

logarithm

Using the Stata split command, the Praxis researcher was able to separate out a

training data set that is 50% of the observations to validate the regression model a second

way. The Praxis researcher used a multivariate regression on the data set of 306,410

observations. The training set yields about the same R? of 0.6095 in Figure 43 versus

0.6063 as shown in Figure 42. The coefficients of the training model are shown in Figure

43.
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Figure 42- Multivariate Regression with the Transformed Dependent Variable

Regression (30 < Age < 80)

. mvreg CHARGECHG = AGE DISPUNIFORM DQTR DRG CMR_HTN_UNCX HCUP_ED HOSP_DIVISION CMR_HTN_CX 110 NOX I10 NPR LOS NEWLn PAY1 RACE PCLASS_ORPROC PL_N
» CHS PRDAY1 TOTAL_DISC I10_SERVICELINE TRAN_IN TRAN OUT HOSP_REGION ZIPINC_QRTL HOSP_LOCTEACH APRDRG APRORG_Risk Mortality CMR_DIAB_UNCX if AGE
»> 30 & AGE < 80

iquation Obs  Parms RMSE  "R-sq” F PF
“HARGECHG 306,410 28 J5813068  0.6063 17478.76  0.0000
CHARGECHG | Coefficient Std. err. t  mt] [95% conf. interval]

AGE . 0006465 000111 5.82  0.000 0004289 000864
DISPUNIFORM 011192 0003061 26.57  0.000 0105921 0117919
DQTR 10123432 .0009151  13.49 0,000 .0105496 0141368

DRG -.0005918 .0000116 -51.22 0.000  -.0006144 -.0005691
CMR_HTN_UNCX .0276799  .0027937 9.91 0.000 0222044 0331555
HCUP_ED .0097632  .0016543 5.90  0.000 0065209 0130055
HOSP_DIVISION .1388037 .0014768  93.99 0.000 1359093 1416981
CMR_HTN_CX 10630133  .0026722  23.58 0.000 0577759 0682508
I10_NDX .0045465 .0001944  23.38  0.000 0041654 0049276
T10_NPR 0439779 L000428  102.75  0.000 043139 .0448168

105 0156172 0002658  58.75  0.000 0150962 0161382

NEWLN 23174125  .0020553 154.43  0.000 .3133841 3214409

PAY1 00291 0009702 3.00 0.003 0010084 0048117

RACE 0096133 0010055 9.56 0.000 0076425 0115842
PCLASS_ORPROC .216789  .0050131 43,24 0.000 2069634 2266145
PL_NCHS -.040344  .0007929 -50.88 0.000  -.0418981 -.0387899
PRDAY1 -.0045788  .0004166 -10.99 0.000  -.0053953 -.0037623
TOTAL_DISC .0000134  4.35¢-07  30.93 0.000 0000126 0000143
110_SERVICELINE -.6630992 .0050783 -130.57 0.000  -.6730525 -.6531458
TRAN_IN -.0612864 .0025916 -23.65 0.000 -.0663659 -.0562069
TRAN_OUT -.0047955 .0019188  -2.51 0.012 -.0085407  -.0010504
HOSP_REGION -.218175  .0035611 -61.27 0.000  -.2251547  -.2111953
ZIPINC_QRTL 0068293 001044 6.54  0.000 0047831 0088756
HOSP_LOCTEACH =.1377234 0024723 -55.71  0.000 =.142569  -.1328778
APRDRG -.000028 4.39¢-06  -6.37 0.000 -.0000366  -.0000194
WPRORG_Risk Mortality 0025885  .0010043 2.58 0.010 0006201 0045568
CMR_DIAB_UNCX .034166 .0032678  10.46 0.000 0277612 0405708
_cons 11.12657  .0314855  353.39  0.000 11.06486  11.18828

Note. HCUP Data Model using Stata Multivariate Regression Command for all 306,410 observations.
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Figure 43 - Multivariate Regression with the Transformed Dependent Variable

Regression with Training Data (30 < Age < 80)

. mvreg CHARGECHG = AGE DISPUNIFORM DQTR DRG CMR_HTN_UNCX HCUP_ED HOSP_DIVISION CMR_HTN_CX 110 NDX I10_NPR LOS NEWLn PAY1 RACE PCLASS_ORPROC PL_N
» CHS  PRDAY1 TOTAL_DISC 110_SERVICELINE TRAN_IN TRAN OUT HOSP_REGION ZIPINC_QRTL HOSP_LOCTEACH APRDRG APRORG_Risk Mortality CMR_DIAB UNCX if AGE
» > 30 & AGE < 80 & sample==2

iquation Obs  Parms RMSE "R-sq" F PoF
“HARGECHG 153,255 28 .5782574  0.6095 8856.537 0.0000
CHARGECHG | Coefficient Std. err. t Pt [95% conf. interval)
AGE .0005792  .0001563 3.71  0.000 0002729 0008855

DISPUNIFORM .0114997 0004283  26.85 0.000 0106602 0123393
DQTR 0129969 0012875 10.09  0.000 0104734 0155204

DRG -.0006013 .0000163 -36.80 0.000  -.0006333 -.0005693
CMR_MTN_UNCX .0264105  .0039323 6.72  0.000 .0187031 0341178
HCUP_ED .0098838  .0023304 4.24  0.000 0053162 0144514

HOSP_DIVISION 1396241 .0020775 67.21 0.000 1355523 1436959
CMR_HTN_CX L0638151  .0037538 17.00  0.000 0564577 0711725
118_NDX 0045869  .0002739 16.74 0.000 09405 0051238
T18_NPR .043833  .0006014  72.89 0.000 0426543 0450117

L0s .0162521  .0003887  41.81 0.000 0154902 017014

NEWLN 3148115  .0029457 106.87 0.000 3090381 3205849

PAY1 0032056 001368 2,34 0.019 0005244 0058869
RACE 0075746 0014119 5.36  0.000 0048072 .0103419

PCLASS_ORPROC .2098796  .0070552 29.75 0.000 1960516 2237076
PL_NCHS -.0403637 0011151  -36.20 0.000 -.0425492  -.0381782

PRDAY1 -.0045656  .0005972 <7.65 0.000 -.005736  -.0033952
TOTAL_DISC .0000136  6.11e-07 22.24  0.000 0000124 0000148
110_SERVICELINE -.6675978  .0071427 -93.47 0.000 -.6815974  -.6535982
TRAN_IN -.05947  .0036364 -16.35 0.000 -.0665973  -.0523428
TRAN_OUT -.0052005  .0026901 -1.93  0.053 -.0104731 0000721
HOSP_REGION -.2180882 .0050076 -43.55 0.000 - 227903 -.2082734

ZIPINC_QRTL 0068997  .0014686 4.70  0.000 0040212 0097781
HOSP_LOCTEACH -.1330083 .0034897 -38.11 0.000 -.1398481  -.1261684

APRDRG +.000022  6.18e-06 <3.56  0.000 . 0000341 -9.90e-06

1PRORG_Risk Mortality .0033074  .0014121 2.3 0.019 0005397 006075
CMR_DIAB_UNCX .0322542  .0045973 7.02  0.000 0232436 0412648

_cons 11.15584  .0444726 250.85 ©0.000 11.06867 11.243

Note. HCUP Data Model using Stata Multivariate Regression Command for all 153,255 observations.

The full data set model Regression Coefficients were validated using a training model
based on 50% observations in the data set. The Regression Coefficients of the Training
model show that the values of the coefficients are the same to three most significant
decimal places. Therefore, the regression model was validated with both Lasso and using

training data.
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The values of the #-test scores of coefficients in the regression model as shown in
Figure 43 indicates that 10 of predictor values are not significant and can be removed.
The final model run with 18 predictor variables yields the final regression model in

Figure 44.

Figure 44 - Multivariate Regression with the Transformed Dependent Variable

Regression with data set (30 < Age < 80)

. mvreg CHARGECHG = AGE DISPUNIFORM DQTR CMR_HTN_UNCX HCUP_ED HOSP_DIVISION CMR_HTN_CX I1@ NDX I10 NFR LO

> ZIPINC_QRTL CMR_DIAB_UNCX HOSP_LOCTEACH if AGE > 30 & AGE < 8@, corr

Equation 0bs  Parms RMSE "R-sq" F P:F
CHARGECHG 307,642 19 .6064525  ©.5718  22823.87  0©.0000
CHARGECHG | Coefficient 5Std. err. t Px|t] [95% conf. interval]
AGE .0018922  .0001145  16.52 0.000 0016677  .0021166
DISPUNIFORM .8099165  .0@03175  31.23  0.000 .8092942 .8105388
DQTR .0148037  .0@09522  15.55 0.000 .0129374  .0166701
CMR_HTN_UNCX .0644865  .0028823  22.37  0.000 8588372 0701357
HCUP_ED .0074811  .0015916 4.70  0.000 .0043617  .0106006
HOSP_DIVISION .0547418  .0004766 114.85 0.000 8538076 . 055676
CMR_HTN_CX .8979392  .0@27578  35.51  0.000 .@92534  .1033444
116 _NDX .8022173  .0002011  11.63  0.000 0018232 .8026115
116_NPR .@5296  .0004377 120.99 0.000 .8521021  .@538179
LOS .0159523 .800256  62.31 0.000 .0154505 .0164541
NEWLR .2970598  .0021155 140.42  0.000 .2929134  .3012062
PAY1 .0021216  .0@10079 2.10  0.035 .0001461  .0040971
RACE .0227881  .0010195  22.35  0.000 .8207899 . 8247863
PCLASS_ORPROC .7878076  .0026463 297.70  0.000 7826208  .7929944
TOTAL_DISC .0000111  4.49¢-07  24.75  0.000 .0000102 . 000012
ZIPINC_QRTL .@357626  .0010205  35.04 0.000 .@337624  .0377627
CMR_DIAB_UNCX .B434568  .0@33992  12.78  0.000 0367945 .9501191
HOSP_LOCTEACH -.0826192  .@024771 -33.35 0.000  -.0874742  -.0777641
_cons 7.30729  .0186334 392.16 0.000 7.270769  7.343811

Note. Stata Multiregression with Finalized Model using HCUP Data.
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Table 17 - HCUP Regression Model Predictor Variable Names, Description, and

Regression Coefficient

Variable Name

Variable Description

Regression Coefficient

Age Age in years at admission | .0018922

DISPUNIFORM Disposition of Patient, .0099165
uniform coding

DQTR Discharge Quarter 418037

CMR HTN UNCX Hypertension Comorbidity, | .0644865
(High Blood Pressure)

HCUP_ED HCUP Emergency .0074811
Department Service
Indicator

HOSP_DIVISION Census Division of the 05474
Hospital

CMR HTN CX Hypertension, Complicated | .09794

110 NDX Number of ICD-10-CM .0022173
diagnoses on patient record

LOS Length of Stay (Days) .0159

110 NPR ICD-10_PCS procedures .05296
performed

NEWLn Natural Log of Hospital 29706
Type Cost Average Daily
Cost * LOS

PAY1 Primary expected insurer 00212162

RACE Race of Patient 0227881

PCLASS ORPROC Indicates Operating Room | .7878086
procedure

TOTAL _DISC Total Discharges from this | .0000111
hospital (use for Hospital
Compare data)

ZIPINC QRTL Median Household income | .0357626
of patient

CMR_DIAB _UNCX Comorbidity of diabetes .04346
but not on daily insulin

HOSP LOCTEACH Quality variable 1 to -.0826192
denote rural hospital, 2
denotes urban hospital, 3
denotes AMC

Constant 7.3729
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The model has an R? of 0.5718 which means the model accounts for 57.18% of
the variation. The F value of 22,828.87 means that at least one of the coefficients of the
model is not zero. There is no collinearity as denoted by the p values. Table 17 shows the
list of the predictor variables and the regression coefficients in the final model. The
dependent variable is Total Charges which has been converted to the natural logarithm,
The total charges include medications, operations, operations, doctors’ fees, blood tests, post

and pre-operation, special nursing care and excludes cost of room. An explanation of the values
of each predictor variable are in Appendix C The regression model equation is in Appendix C as

well. A spreadsheet that calculates total cost for the three hospital types is in Appendix D.
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5 Chapter Five - Discussion and Conclusions

5.1 Discussion

Healthcare costs in the United States are significantly higher than in other developed
countries. The United States is the only developed country without a public health
insurance program. Keeping these factors in mind, it is essential that patients, doctors,
and other healthcare personnel have a tool that gives them information on choosing a
healthcare facility for treatment of a cardiac event. Patients need to know that even if a
hospital type is cheaper at first glance, there are other factors that can add to hospital

treatment costs. Thirty-day readmission rates can add significant costs to a hospital stay.

This Praxis demonstrated that there are cost differences in between rural hospitals,
urban hospitals, and AMCs using a regression analysis to predict total charges using
HCUP NIS data collected from hospital admissions related to cardiac events. The main
comorbidities impacting cardiac events as determined by the HCUP regression model

were incidences of prior heart attacks, high blood pressure, and diabetes.

The healthcare readmittance rate regression models using Hospital Compare data
confirmed the readmittance rate differences between the three types of medical centers.
The HCUP predictive cost model provides a tool to estimate costs at each of the type of
medical centers. Developing a predictive cost model should aid future patients in

determining the best place to get treatment for cardiac events.

5.2 Conclusions
The objective of the research for the Praxis was to demonstrate that a predictive cost

model could provide patients and healthcare professionals insight into selection of the
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best hospital type that was cost prudent. In order to accomplish this objective, the output
from the predictive models should provide information into the hospital type with the
lowest cost and the lowest 30-day readmittance rate. The key hypotheses of the Praxis

are:

H1: Patient readmission rates vary across the three types of medical centers.

H2: A cardiac patient’s LOS varies based on the hospital type.

H3: Cardiac patient outcomes (morbidity rates) are improved at AMCs.

Through research and hypothesis testing readmittance rates were affirmed to be
statistically different at the three types of medical centers. LOS at the three different
types of medical centers varied. AMCs had LOS that were higher than the overall
population of heart patients in the data set. Rural hospitals had lower LOS than urban

hospitals.

Analysis of cardiac patient morbidity rates found that rural hospital morbidity rates
were lower than the population morbidity rates. Rural hospitals had lower morbidity rates

than AMCs.

The research provided data on which variables in the HCUP data would be good
predictors of healthcare costs. Backward stepwise regression using 28 variables (after
using initial regression modeling with all comorbidities) showed that 18 were significant.
The predictive model can be used for patients and other medical professionals to identify

the best source of care for the price.
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Appendix C contains a table of the regression model coefficients and description of
the predictor variables. Appendix D contains a spreadsheet to use to estimate hospital
costs using the model. There is a separate worksheet for each hospital type of rural,

urban, or AMC.

5.3 Contributions to Body of Knowledge
The Praxis contributes to the Engineering Management community by identifying a
cost prediction model to minimize patient costs. The Praxis contributed to the

Engineering Management subject matter by:

1) Introducing a cost model to predict costs at three different types of medical
centers,

2) Providing linear regression models for each of the three types of medical centers
to predict 30-day readmission rates.

3) Identifying the key factors of heart disease in the HCUP data set.

5.4 Recommendations for Further Research
Further topics for research to add to the field of cost prediction models for medical

treatments would be to:

e Create predictor models for cancer treatments

e Expand the cardiac model and collect predictive data on cardiac patient social
habits such as smoking

e Expand the model to include methods of machine learning to expand the

predictive model
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e (ollect data on obesity and other comorbidity factors in immediate family
members of the patient

e Create a more granular model to find what is the most expensive cardiac event
to treat by creating regression models for each type of cardiac event in the
database

e Examine state data to identify the states with the highest costs for cardiac care

and the highest 30-day readmission rates.

125



References

Agency for Healthcare Research and Quality. (n.d.). HCUP Database Information.

https://hcup-us.ahrg.gov/databases

Agency for Healthcare Research and Quality. (n.d.). Introduction to the HCUP National
Inpatient Sample (NIS), 2020. https://hcup-

us.ahrq.gov/db/nation/nis/NIS _Introduction_2020.jsp

Agency for Healthcare Research and Quality. (n.d.). NIS Overview. https://hcup-

us.ahrg.gov/nisoverview.jsp

American Heart Association. (n.d.). Your heart failure healthcare team.

https://www.heart.org/en/health-topics/heart-failure/living-with-heart-failure-and-

managing-advanced-hf/your-heart-failure-healthcare-team

Bejjanki, H., Mramba, L. K., Beal, S. G., Radhakrishnan, N., Bishnoi, R., Shah, C.,
Agrawal, N., Harris, N., Leverence, R., & Rand, K. (2018). The role of a best
practice alert in the electronic medical record in reducing repetitive lab

tests. ClinicoEconomics and Outcomes Research, 10, 611-618.

https://doi.org/10.2147/CEOR.S167499

Biniek, J. F., Cubanski, J., & Neuman, T. (2021, August 17). Higher and faster growing
spending per Medicare Advantage enrollee adds to Medicare’s solvency and

affordability challenges. KFF. https://www.kff.org/medicare/issue-brief/higher-

and-faster-growing-spending-per-medicare-advantage-enrollee-adds-to-

medicares-solvency-and-affordability-challenges/

126


https://hcup-us.ahrq.gov/databases.jsp
https://hcup-us.ahrq.gov/db/nation/nis/NIS_Introduction_2020.jsp
https://hcup-us.ahrq.gov/db/nation/nis/NIS_Introduction_2020.jsp
https://hcup-us.ahrq.gov/nisoverview.jsp
https://hcup-us.ahrq.gov/nisoverview.jsp
https://www.heart.org/en/health-topics/heart-failure/living-with-heart-failure-and-managing-advanced-hf/your-heart-failure-healthcare-team
https://www.heart.org/en/health-topics/heart-failure/living-with-heart-failure-and-managing-advanced-hf/your-heart-failure-healthcare-team
https://doi.org/10.2147/CEOR.S167499
https://www.kff.org/medicare/issue-brief/higher-and-faster-growing-spending-per-medicare-advantage-enrollee-adds-to-medicares-solvency-and-affordability-challenges/
https://www.kff.org/medicare/issue-brief/higher-and-faster-growing-spending-per-medicare-advantage-enrollee-adds-to-medicares-solvency-and-affordability-challenges/
https://www.kff.org/medicare/issue-brief/higher-and-faster-growing-spending-per-medicare-advantage-enrollee-adds-to-medicares-solvency-and-affordability-challenges/

Blackford, J. P. (2024a). EMSE 8099: Survey of Research Formulation for Engineering

Management [Course homework]. The George Washington University.

Blackford, J. P. (2024b). EMSE 8099: Survey of Research Formulation for Engineering

Management [Course lecture notes]. The George Washington University.

Bobbitt, Z. (2020, November 12). Introduction to Lasso regression. Statology.

https://www.statology.org/lasso-regression

Centers for Medicare and Medicaid Services. (n.d.). Hospital Readmissions Reduction

Program. https://data.cms.gov/provider-data/dataset/9n3s-kdb3

DeMaria, A. (2008). The informed patient. Journal of the American College of

Cardiology, 51(15),1505-1506. https://doi.org/10.1016/j.jacc.2008.03.013

Drukker, D., & Liu, D. (2019, September 9). An introduction to the lasso in Stata. The

Stata Blog. https://blog.stata.com/2019/09/09/an-introduction-to-the-lasso-in-

stata/

Fleishon, H. B, Itri, J. N., Boland, G. W., & Duszak, R., Jr. (2017). Academic medical
centers and community hospitals integration: Trends and strategies. Journal of the
American College of Radiology, 14(1), 45-51.

https://doi.org/10.1016/j.jacr.2016.07.006

Fodero, R., & Bailey, J. (2023). Comparing hospital costs and length of stay for cancer

patients in New York State Comprehensive Cancer Centers versus nondesignated

127


https://www.statology.org/lasso-regression
https://data.cms.gov/provider-data/dataset/9n3s-kdb3
https://doi.org/10.1016/j.jacc.2008.03.013
https://blog.stata.com/2019/09/09/an-introduction-to-the-lasso-in-stata/
https://blog.stata.com/2019/09/09/an-introduction-to-the-lasso-in-stata/
https://doi.org/10.1016/j.jacr.2016.07.006

academic centers and community hospitals. Health Services Research, 58(6),

1178-1188. https://doi.org/10.1111/1475-6773.14209

Gulati, M., Levy, P., Mukherjee, D., Amsterdam, E., Bhatt, D. L., Birchter, K. K.,
Blankstein, R., Boyd, J., Bullock-Palmer, R. P., Conejo, T., Diercks, D. B.,
Gentile, F., Greenwood, J. P., Hess, E. P., Hollenberg, S. M., Jaeber, W. A., Jneid,
H., Joglar, J. A., Morrow, D. A., ... Shaw, L. J. (2021).
AHA/ACC/ASE/CHEST/SAEM/SCCT/SCMR Guideline for the evaluation and
diagnosis of chest pain: A report of the American College of
Cardiology/American Heart Association Joint Committee on Clinical Practice
Guidelines. Journal of the American College of Cardiology. 78(22), e187-e285.

https://doi.org/10.1016/j.jacc.2021.07.053

Gupta, B. C., Guttman, 1., & Jayalath, K. (2020). Statistics and probability with
applications for engineers and scientists using MINITAB, R and JMP (2nd ed.).

John Wiley & Sons. https://doi.org/10.1002/9781119516651

Hatler, C. W. (2006). Influence of hospital context on cost and length of stay following

cardiac catheterization. Nurs. Econ. 24(5), 246-252.

Jeong, I. C., Healy, R., Bao, B., Xie, W., Madeira, T., Sussman, M., Whitman, G.,
Schrack, J., Zahradka, N., Hoyer, E., Brown, C., & Searson, P. C. (2020).
Assessment of patient ambulation profiles to predict hospital readmission,
discharge location, and length of stay in a cardiac surgery progressive care
unit. JAMA Network Open, 3(3), €201074.

https://doi.org/10.1001/jamanetworkopen.2020.1074
128


https://doi.org/10.1111/1475-6773.14209
https://doi.org/10.1016/j.jacc.2021.07.053
https://doi.org/10.1002/9781119516651

Kane, N. M., Needleman, J. L., & Rudell, L. (2004). Comparing the clinical quality and
cost of secondary care in academic health centers and in community
hospitals. (Research Brief No. 2.). Pioneer Institute.

https://pioneerinstitute.org/pioneer-research/health-care/comparing-the-clinical-

quality-and-cost-of-secondary-care-in-academic-health-centers-and-in-

community-hospitals-2/

Kim, J. H., Cisneros, T., Nguyen, A., van Meijgaard, J., & Warraich, H. J. (2024).
Geographic disparities in access to cardiologists in the United States. Journal of
the American College of Cardiology, 84(3), 315-316.

https://doi.org/10.1016/j.jacc.2024.04.054

Kurlansky, P. A., Argenziano, M., Dunton, R., Lancey, R., Nast, E., Stewart, A.,
Williams, T., Zapolanski, A., Chang, H., Tingley, J., & Smith, C. R. (2012).
Quality, not volume, determines outcome of coronary artery bypass surgery in a
university-based community hospital network. The Journal of Thoracic and

Cardiovascular Surgery,143(2), 287. https://doi.org/10.1016/].jtcvs.2011.10.043

Lewis, C., Horstman, C., Blumenthal, D., & Abrams, M. K. (2023, February 7). Value-
based care: What it is, and why it’s needed. The Commonwealth Fund.

https://doi.org/10.26099/fw31-3463

Loccoh, E. C., Joynt Maddox, K. E., Wang, Y., Kazi, D. S., Yeh, R. W., & Wadhera, R.

K. (2022). Rural-urban disparities in outcomes of myocardial infarction, heart

129


https://pioneerinstitute.org/pioneer-research/health-care/comparing-the-clinical-quality-and-cost-of-secondary-care-in-academic-health-centers-and-in-community-hospitals-2/
https://pioneerinstitute.org/pioneer-research/health-care/comparing-the-clinical-quality-and-cost-of-secondary-care-in-academic-health-centers-and-in-community-hospitals-2/
https://pioneerinstitute.org/pioneer-research/health-care/comparing-the-clinical-quality-and-cost-of-secondary-care-in-academic-health-centers-and-in-community-hospitals-2/
https://doi.org/10.1016/j.jtcvs.2011.10.043
https://doi.org/10.26099/fw31-3463

failure, and stroke in the United States. Journal of the American College of

Cardiology,79(3), 267-279. https://doi.org/10.1016/j.jacc.2021.10.045

Martin, B. L. (2013). Analysis of HCUP data using Stata: a step by step example.

https://cph.osu.edu/sites/default/files/cer/docs/02HCUP_PS.pdf

Mathews, R., Fonarow, G. C., Li, S., Peterson, E. D., Rumsfeld, J. S., Heidenreich, P. A.,
Roe, M. T., Oetgen, W. J., Jollis, J. G., Cannon, C. P., de Lemos, J. A., & Wang,
T.Y. (2016). Comparison of performance on Hospital Compare process measures
and patient outcomes between hospitals that do and do not participate in Acute
Coronary Treatment and Intervention Outcomes Network registry-Get With The
Guidelines. The American Heart Journal, 175(5), 1-8.

https://doi.org/10.1016/1.ahj.2016.01.008

Naimi, A. 1., Cole, S. R., & Kennedy, E. H. (2017). An introduction to G
Methods. International Journal of Epidemiology, 46(2),756-762.

https://doi.org/10.1093/ije/dyw323

Nundy S., Cooper L.A., & Mate, K. S. (2022). The quintuple aim for health care
improvement: A new imperative to advance health equity. Journal of the
American Medical Association, 327(6), 521-522.

https://doi.org/10.1001/jama.2021.25181

Olin, G. L., & Rhoades, J. A. (2005, May). The five most costly medical conditions, 1997
and 2002: Estimates for the U.S. civilian noninstitutionalized population.
(Statistical Brief #80). AHRQ Medical Expenditure Panel Survey.

https://meps.ahrq.gov/data_files/publications/st80/stat80.shtml
130



https://doi.org/10.1016/j.jacc.2021.10.045
https://cph.osu.edu/sites/default/files/cer/docs/02HCUP_PS.pdf
https://doi.org/10.1016/j.ahj.2016.01.008
https://doi.org/10.1001/jama.2021.25181
https://meps.ahrq.gov/data_files/publications/st80/stat80.shtml

Patlolla, S. H., Pajjuru, V. S., Sundaragiri, P. R., Cheungpasitporn, W., Sachdeva, R.,
McDaniel, M. C., Kumar, G., Rab, S.T., & Vallabhajosyula, S. (2022). Hospital-
level disparities in the management and outcomes of cardiac arrest complicating
acute myocardial infarction. The American Journal of Cardiology, 169, 24-31.

https://doi.org/10.1016/j.amjcard.2021.12.057

Rammohan, R., Joy, M., Magam S. G., Natt, D., Patel, A., Akande, O., Yost, R. M.,
Bunting, S., Anand, P., & Mustacchia, P. (2023). The path to sustainable
healthcare: Implementing care transition teams to mitigate hospital readmissions
and improve patient outcomes. Cureus, 15(5), €39022.

https://doi.org/10.7759/cureus.39022

Robertson, J., McElduff, P., Pearson, S., Henry, D. A., Inder, K. J., & Attia, J. R. (2012).
The health services burden of heart failure: An analysis using linked population
health data sets. BMC Health Services Research, 12(10), 103.

https://doi.org/10.1186/1472-6963-12-103

Roglieri, J. L., Futterman, R., McDonough, K. L., Gavinda Malya, P. A., Karpathy, K.
R., Bowman, D., Shelly, J., & Warburton, S. W., Jr. (1997). Disease management
interventions to improve outcomes in congestive heart failure. American Journal

of Managed Care, 3(12), 1831-1839.

Sadineni, P. K. (2020, October 7-9). Developing a model to enhance the quality of health

informatics using Big Data. [Conference presentation]. Fourth International

131


https://doi.org/10.1016/j.amjcard.2021.12.057
https://doi.org/10.7759/cureus.39022
https://doi.org/10.1186/1472-6963-12-103

Conference on I-SMAC, Palladam, India, 1267-1272. https://doi.org/10.1109/I-

SMAC49090.2020.9243395

Samsky, M. D., Ambrosy, A. P., Youngson, E., Liang, L., Kaul, P., Hernandez, A. F.,
Peterson, E. D., & McAlister, F. A. (2019). Trends in readmissions and length of
stay for patients hospitalized with heart failure in Canada and the United States.

JAMA Cardiology, 4(5), 444-453. https://doi.org/10.1001/jamacardio.2019.0766

Tilling, K., Sterne, J. A. C., & Szklo, M. (2002). Estimating the effect of cardiovascular
risk factors on all-cause mortality and incidence of coronary heart disease using
G-estimation: The atherosclerosis risk in communities study. American Journal of

Epidemiology, 155(8), 710-718. https://doi.org/10.1093/aje/155.8.710

U.S. Department of Health and Human Services. Centers for Disease Control, National
Center for Health Statistics. (2024, June 7). ICD-10-CM.

https://www.cdc.gov/nchs/icd/icd-10-cm/index.html

Walpole, R. E., & Myers, R. H. (1978). Probability and statistics for engineers and
scientists (2nd ed.) Macmillan Publishing Company.

https://doi.org/10.2307/2530629

Young, L., Hertzog, M., & Barnason, S. (2016). Effects of a home-based activation
intervention on self-management adherence and readmission in rural heart failure
patients: The PATCH randomized controlled trial. BMC Cardiovascular

Disorders, 16(176). https://doi.org/10.1186/s12872-016-0339-7

132


https://doi.org/10.1109/I-SMAC49090.2020.9243395
https://doi.org/10.1109/I-SMAC49090.2020.9243395
https://doi.org/10.1001/jamacardio.2019.0766
https://doi.org/10.1093/aje/155.8.710
https://www.cdc.gov/nchs/icd/icd-10-cm/index.html
https://doi.org/10.2307/2530629
https://doi.org/10.1186/s12872-016-0339-7

Yu, W., Liu, Q., Zhao, G., & Song, Y. (2023). Exploring the effects of data-driven
hospital operations on operational performance from the resource orchestration
theory perspective. IEEE Transactions on Engineering Management, 70(8),

2747-2759. https://doi.org/10.1109/TEM.2021.3098541

Appendix A

HCUP data can be purchased from the US Department of Health and Human
Services. Any person who purchases a data set must sign a non-disclosure agreement or
(NDA) to view specific data set years. The table below contains publicly available

information about the data set.

Table A.1- Description of 2020 HCUP NIS Database

Description URL

Data set 1- HCUP Data (2020 NIS Data) | NIS Database Documentation

NIS Description of Data Elements NIS Description of Data Elements
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Appendix B

The Centers for Medicare and Medicaid Services (CMS) tracks the 30-day
readmission rates for patients through the Hospital Readmissions Reduction Program
(HRRP). This database tracks the hospital readmission rates for heart attacks, heart
failure, CABG, COPD, and knee replacement. The data were cleaned to remove any

observations that were not attributed to a cardiac illness.

Source: Hospital Readmissions Reduction Program | Provider Data Catalog

Table B-1- Table of Variables contained in the Hospital Compare Data

Facility Name-Hospital Name Hospital Name

Facility ID Medicare Facility ID

State Location of treatment facility
Measure Name (Diagnosis) Diagnosis Name

Number of Discharges Total Number of Discharges over the

length of time the data were collected

Excess Admission Ratio The excess readmission ratio or ERR is
used to measure the hospital’s
performance by comparing readmissions
to the expected readmissions based on
an average hospital with similar patients.
It measures the ratio of predicted-to-
expected 30-day readmissions.

Predicted Readmission Rate The predicted readmission rate is the
number of readmissions that would be
“anticipated” in a particular hospital
during a specific time period.
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https://data.cms.gov/provider-data/dataset/9n3s-kdb3

Expected Readmission Rate The expected readmission rate for
hospitals is defined as the number if
readmissions anticipated at a health
facility during a particular period based
on the patient mix and hospital unique
quality of care

Number of readmissions Number of readmissions during a study
period

Start Date Start Date of the Study MM/DD/YYYY
format

End Date Stop Date of the Study MM/DD/YYYY
format

Total Discharges Total Discharges for a period

Note: Centers for Medicare and Medicaid Hospital Readmission Reduction Program. Hospital Readmissions
Reduction Program | Provider Data Catalog
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Appendix C

Table C-1- Table of Regression Model Coefficients and Description

Predictor Variable

Regression

Coefficient

Description or Units

Variable

AGE

0.0018922

Years

X18

DISPUNIFORM

0.0099165

Disposition of the
Patient

1-Routine

2-Transfer to
Short-term Hospital

5 Transfer other

6-Home Health
Care

7-Against
Medical Advice
22- Died

99 Discharged,
destination
unknown

DQTR

0.418037

Discharge Quarter-
(1,2,3,0r4)

X16

CMR_HTN_UNCX

0.0644865

Uncomplex
Hypertension

0- Not Present
1- Present

X15
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Predictor Variable

Regression

Coefficient

Description or Units

Variable

HCUP_ED

0.0074811

Emergency
Department Service
Indicator

0-Record doesn’t
meet HCUP
Emergency Dept
Record

1-Emergency
Department
Revenue on Record

2 -Positive
Emergency
Department Charge

3-Emergency Dept
CPT procedure on
record

3 Condition Code p7
indication of ED
admission

X14

HOSP_DIVISION

0.05474

Census Division of
the hospital

1-New England
2-Middle Atlantic
3-East North Central

4-West North
Central

5-South Atlantic

6- East South
Central

7- West South
Central

8-Mountain

9-Pacific

X13
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Predictor Variable

Regression

Coefficient

Description or Units

Variable

CMR_HTN_CX

0.09794

Complex
Hypertension

0-Not Present

1-Present

X12

110 NDX

0.0022173

Number of
diagnoses on a
discharge

X11

110 NPR

0.05296

Number of ICD-10-
PCS procedures on
this discharge

X10

LOS

0.0159

Length of Stay
(days)

X9

NEWLn

0.297

Natural Logarithm
of Length of Stay*
Average Daily
Room Cost($1800)

X8

PAY1

0.00212162

Expected Primary
Payer

1-Medicare
2-Medicaid

3 Private Insurance
4-Self-pay

5-No charge

6- Other

X7
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Predictor Variable

Regression

Coefficient

Description or Units

Variable

RACE

0.0227881

RACE/Ethnicity of
Patient

1-White
2-Black
3-Hispanic

4-Asian or Pacific
Islander

5-Native American

6-Other

X6

PCLASS_ORPROC

0.7878086

Major Operating
Room Procedure
indicator

0-No major OR
procedure

1-Major procedure
reported

X5

TOTAL DISC

0.0000111

Number of hospital
discharges in the
sample

X4

ZIPINC QRTL

0.0357626

Median household
income for patient's
ZIP Code (based on
current year)

1-($1-49,999)

2-($50,000-
64,999)

3-($65,000-85,999)
4-$86,000+

X3

CMR _DIAB UNCX

0.04346

Non-Insulin
Diabetic

0- Not Present
1- Present

X2
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Predictor Variable Regression Description or Units | Variable
Coefficient
HOSP_LOCTEACH -0.0826192 Location/teaching X1
status of hospital
1-Rural
2-Urban
Nonteaching
3-AMC
Constant 7.7329
Response Variable Ln(Total Charges) Total charges include

medications, operations,
doctors’ fees, blood tests,
post and pre-operation,
special nursing care and
excludes cost of room
hospital room.

HCUP Equation:

Ln(y) =7.7329 -0.0826192*X1 + 0.04346 X2 + 0.0357626 *X3 + 0.0000111 *X4 +
0.7878086 *X5 +0.0227881 *X6 + 0.00212162 *X7 + 0.297 *X8 + 0.0159 *X9 +
0.05296* X10 + 0.0022173*X11 + 0.09794* X12 + 0.05474 *X13 + 0.0074811 *X14 +
0.0644865* X15+ 0.418037 * X16 + 0.0099165 *X17 + 0.0018922 * X18
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Appendix D

The spreadsheet embedded in this section can be used to estimate hospitalization
costs for a cardiac event. To use the spreadsheet, select the spreadsheet for the medical
center type of Rural, Urban, or AMC. The user can enter the age of the patient. The rest
of the values in the spreadsheet are averages for each medical center and each
independent or predictor value in the model.

3

Praxis HCUP
Regression Equation.
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