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1: Introduction and Background
With the increased focus on aligning quality andtéo healthcare, many

hospitals have consolidated into hospital systeves the past two decades (Cuellar &
Gertlar, 2003). This wave of mergers and acquisstiadds a competitive dimension to
the quality of care paradigm, generating debateitaihe relationship between
competition and delivery of healthcare. Basic ecoicdheory posits that increased
competition among providers generates higher qu@iaker, 2001); but this may not be
true in unplanned critical illness due to (1) theriediate demand given the sudden
occurrence of iliness, (2) the lack of transparendyealth care price and quality and
overall inability of patient to consider emergemogdical care as a consumer good, and
(3) reliance on cooperation between multiple congmbs of the healthcare sector as well
as between multiple hospitals to provide optimatlived care. For sudden, critical illness
and injury, appropriate and timely emergency cat@é difference between life and
death - underscoring the need to explicitly exantivgerole of competition in emergency
care-specific outcomes.

It is possible for competition to drive qualitymealthcare markets for scheduled
and elective services (Kessler & McClellan, 2008 2002; Porter & Teisberg, 2006;
Cooper, Gibbons, Jones, McGuire, 2010). For plamwaee, consumers have the
opportunity to research and choose the best fabiéised on a variety of perceived and
technical hospital quality indicators (Miller, 199 the traditional economic theory of
market competition, consumers are assumed to héhiafbrmation to the quality of
services that they purchase (Robinson, 1988) Hisihbt always be in the case in

healthcare. Planned care is foreshadowed whergi@sldncidents that necessitate



emergency care are unlikely to be known by theviddial before its occurrence (Lien,
Chou & Liu, 2009). As a result, emergency careigerently different. In cases of
sudden, serious illness or injury, the provisiorfergency care is intrinsically
geography- and time-bound (Carr, Caplan, Pryor &1, 2006). The innate differences
between planned and unscheduled care require @&drark that addresses the unique
challenges of the emergency care system.

In the landmark emergency care report, the InstibdtMedicine’s (2006) call for
greater coordination between emergency care sarsioggests that cooperation in the
emergency care system results in positive outcolnssmuch easier to build an
organized and effective system of care when thpeswithin a single, integrated
hospital system, rather than a number of compétaspitals vying for greater market
shares and profit margins. The U.S. economy tylyicalies on market competition.
However, in health care, competition pits clinicegainst clinician, and hospital against
hospital (Nugent, 2003). These conflicting finahaiéerests render it difficult, if not
impossible, to fulfill the IOM’s (2006) vision of lsigh quality, coordinated emergency
care system (Enthoven & Tollen, 2005).

The need for improvement in quality and safetyedlth care has been reiterated
by federal, state, industry, and non-governmenheigs (Institute of Medicine, 2001,
Agency for Healthcare Research and Quality, 20@08)easingly stressed healthcare
budgets (Kaiser Health News, 2012) coupled withonal pressures for quality
improvement force states and hospitals to reevalpalicies and allocation of resources.
Despite the considerable number of performancear®mnent activities (Hibbard,

Stockard & Tusler, 2003) and development of emargelepartment (ED) therapeutic



interventions (Kaji et al., 2010; Cairns & Glickm&®10), there are often consequential
delays in treatment for emergency care sensitimgliions, including sepsis, trauma,
acute ischemic stroke, cardiac arrest, and ST-seigehevation myocardial infarction.
This lack of coordination is reflective of not orthe emergency care system, but a
larger, systemic failure in the current health acebvery system in the United States.

The Affordable Care Act (ACA) reiterates the needdare coordination (Kaiser
Family Foundation, 2014; Balto & Kovacs, 2013), smg a frenzy of hospital mergers
(Dafny, 2014). While the appropriate level of coren in healthcare is largely
inconclusive (Gaynor & Town, 2012; Dafny, 2014)eanay consider the notion that
healthcare competition may not be intrinsically gd@o bad (Dash & Meredith, 2010).
An examination of the impact of competition on gyahnd patient outcomes,
specifically in emergency care, is warranted. Tidd® this gap, this study examined the
association between regional levels of competitind mortality for emergency care
sensitive conditions using inpatient data fromgtage of Maryland.

Adopting a macro-oriented approach, the State afyMad’s innovative hospital
payment system incorporates uniform rate-settingptarol costs and improve the
overall quality of care in Maryland hospitals (Heabervices Cost Review Commission,
2011). As the nation watches the Maryland modeblainfother states may be interested
in experimenting with rate-setting systems. Unéierregulated payment system, the state
of Maryland allows for a unique analytical studytloé relationship between hospital

competition and emergency care outcomes.



2: Review of Healthcare Competition and Emergency &re Literature
Competition holds the promise of bringing the slbgiaptimal combination of

price and quality (Baker, 2001). Previous studi@gehfound positive effects of
competition on quality, social welfare, mortalitycaprice (Gaynor & Town, 2012;
Kessler & McClellan, 2000; Miller, 1996; Bloom, Bxger, Seiler, Van Rennan, 2010).
Consolidated systems can raise prices througloitsrtant market influence (Capps,
2010; Melnick, Shen & Wu, 2011; Balto & Kovacs, 20Rosenthal, 2014), increasing
costs for consumers.

The American Hospital Association (AHA) (2014) daefs a system as a
“multihospital system with two or more hospitalsred, leased, sponsored or contract
managed by a central organization ... but does remtiye network participation.” As
hospital mergers and acquisitions take place, systd care are formed among the
various hospitals. A study of hospital consolidatio the nation’s 306 hospital referral
regions (HRR) found that hospital prices in concatet] local healthcare markets were
significantly higher (Robinson, 2011). While largealth systems are capable of creating
economies of scale, these cost savings may ncagsed onto consumers (Gaynor &
Town, 2012). In essence, hospital competition al@noviders to compete on not only
price but also quality indicators (Miller, 1996)ptpntially driving improvements in
delivery of care.

In contrast to the U.S.’s traditionally free-markaampetitive approach towards
the economy, many of the ACA reforms drive mark®tsolidation in the healthcare
market (Gottlieb, 2012; George, 2013; Pope, 20Hd%pitals face ACA-related

challenges (Pope, 2014), including reduced Medim@rebursements (Congressional



Budget Office, 2010), improving operational effietgy through smooth care transitions
(Balto & Kovacs, 2013; HHS, 2014), and managingysaton health (Dafny, 2014).
These goals are designed to improve care of comtidmamong providers and generate
high quality care (Anderson, 2014).

From a systemic perspective, the U.S. healthcastesys lack of coordination
presents a significant and fundamental challengkiivery of quality care and ensuring
patient safety (Institute of Medicine, 2001). Whilespital consolidation emerges as the
healthcare industry’s premier solution to thesemat and emerging threats, other
methods of achieving the ACA’s goals of operaticgflitiency and smooth care
transitions include use of health information exaes, communal learning networks and
accountability (HHS, 2014), ultimately revolvingoand the idea of collaboration among
multiple hospitals.

The logic behind hospital consolidation complemeén¢sACA'’s goals of
improving care coordination (Kaiser Family Foundati2013); integrated hospitals can
provide seamless transitions in care. Consolidsystems are able to create economies
of scale (Balto & Kovacs, 2013) and produce baitgcomes (Cutler & Morton, 2013;
Romano & Balan, 2010; Tsi & Jha, 2014). Findingsrfrdisease management literature
support this; patients with moderate to severedexperience benefits from
coordinated care (Wennberg & Wennberg, 2003). Withiegrated systems, hospitals
are financially incentivized to work together tdesfa continuum of care (Wan, Lin &
Ma, 2001) by pooling resources and increasing clout

Despite the overall fragmentation of the healtreaglivery system, notable

healthcare delivery systems throughout the countproved quality and patient



outcomes, cut costs, or both through its orgaromatiprocesses (Shih, Davis,
Shoenbaum, Gauthier, Nuzman & McCarthy, 2008). s€hegh-performing health
systems reveal the ability of integrated healthesys to achieve coordination of care
(Shih et al., 2008). The Geisinger Health Systesgramonly highlighted example of
positive hospital consolidation outcomes (Tsi &,J2@14), implemented a coordinated
bundle of evidence-based best practices, resutiag100 percent lower in-hospital
mortality [and] 21 percent decrease in patientd ity complications” (McCarthy,
Mueller & Wrenn, 2009). Furthermore, average lerajtetay, hospital readmissions, and
overall treatment costs have all decreased sultariMenninger, 2009). Similarly, the
Mayo Clinic developed its model of integrated ca®documented in itdayo Clinic
Model of Careto achieve quality improvement initiatives. Tlystem’s redesigned care
processes to improve the timeliness of heart attaskment, by reducing door-to-balloon
time from 92 minutes to 60 minutes (McCarthy, Mae. Wrenn, 2009). The

correlation between integrated hospital systemspasdive performances can prompt
further consolidation to take place, but also syallaboration among different hospital
systems to achieve the same system-based outcontée fentire population.

2.1 Hospital Consolidation Trends

Adopting this rationale, healthcare markets actbssation are undergoing a
considerable number of mergers, transforming preshioindependent hospitals into a
health system centered on inpatient institutiongl€ & Morton, 2013). In the pre-ACA
period of 1999 to 2003, the typical metropolitaatistical area experienced a reduction
from six to four competing local hospital systerdsdt & Town, 2006), reducing the

number of solo hospitals (Cuellar & Gertlar, 200B)is trend continues into the next



decade; from 2007 to 2012, 432 mergers and acguisitvere announced, involving 832
hospitals (Cutler & Morton, 2013).

This anticompetitive trend is reflected at theestavel as well. In 2012, only 15
of Maryland’s 46 general hospitals were independ@antz, 2012). These remaining
independent hospitals in Maryland are at risk fioaricial insolubility as they cope with
the pervasive problems of reduced reimbursemess rateak negotiating clout, and lack
of resources to meet the ACA’s mandates of incbasgorting and adoption of
electronic health records (Weintraub, 2010). A preent organizational strategy to
enhance capabilities or procurement is to formngaiships with other organizations
(Provan, 1984), leading to horizontal integratidiorizontal integration takes place when
organizations, hospitals in this case, at the daned merge together (Investopedia,
2014). For example, Sibley Memorial Hospital joirted Johns Hopkins Health System,
located in Baltimore, MD, to generate “more effidieintegrated regional health care
services for patients” (Sibley Memorial Hospitad1D). Similarly, Regional Health
System, Meritus Health and Western Maryland He@itbtem are in strategic discussions
to create a regional alliance between the threepeaddent hospitals (Meritus Health,
2014). As the number of independent, unattachepitads diminish, patients will
ascertain the proposed consolidation benefits ahatigits unintended consequences.

Antitrust laws exist to protect consumers from leigprices resulting from
monopolistic activity (Balto & Kovacs, 2013), suak mergers and acquisitions. Under
the premise of a competitive environment, a greatienber of firms will promote
economic welfare and efficiency, because it become® difficult for firms to

coordinate behaviors, (Bazzoli Marx, Arnould & Main, 1995, 1995) such as price



setting. However, this also makes it more diffidolt the firms to facilitate care
coordination or resource sharing, creating qualitycerns (Bodenheimer, 2008).

As policymakers and hospital industry debate oxézré to which government
regulation is needed to regulate healthcare madketolidation (Bazzoli et al., 1995; Ho
& Hamilton, 2000), it is important to consider thiedogeneity of healthcare competition.
Both competition and consolidation approaches aftelity improvements, suggesting
that a contextual framework may be appropriatexan@ning this intricate relationship in
emergency care.

Demand for healthcare is considered largely ineléstewhouse & Phelps, 1974;
Ringel, Hosek, Vollard & Mahnovski, 2002), but @ielasticity may be even more rigid
in emergency care. The unplanned nature and sgwé/mergency care is exposed to
substantial time and geography constraints. Feamnte, the closest facility could be
considered the “best” facility, opposed to hospiality and condition-specific
considerations. Hospital Compare, a CMS innovdionnformation about quality of
care, states that the website’s resources maydikassguidance for planned health care
needs, but recommends the nearest hospital in argency. This juxtaposition signifies
the need to differentiate between planned and anpldcare, when assessing quality and
outcomes.

2.2 Delivery of Emergency Care

The ACA reforms are centered on aims of care coatatin, quality, and cost-
cutting but frame around chronic disease managearehtcheduled care considerations,
rather than emergency care. The ACA’s goals agehainfluenced by minimizing
economic costs opposed to years of productivddge implications of a poorly-

functioning emergency care system. For planned cadination and operational
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efficiency among accountable care organizations@8)Cand patient-centered medical
homes promote the creation of “teams,” creatingibterious silos in healthcare.
Because there is no competitive advantage in gharformation between different
teams that do not share common goals, informasiaroi shared and there is little
interoperability among these providers.

The consequences of this fragmentation and lackwimunication in emergency
care systems is intensified in this context. Aautecheduled care poses significant and
stringent time-bounds in order to improve patiantcomes and requires intensive
resources. For instance, a car crash instigatgstarger to call 9-1-1 for help. The
injured individual is taken to the nearest hospitath little to no regard for the patient’s
preference for treatment location, especially & gfatient is unable to communicate. The
nearest hospital may not offer the subspecialty ocaquired for the individual’s
condition — requiring a compromise between the hakpdesire for greater economic
gain and the patient’s best interest. The hospéats to be willing to give away the
patient, a source of revenue, to another faciliit tan better meet his or her needs to
ensure good patient outcomes. In this sense, tleegemcy care system requires
substantial continuum of care — the ED and emengeredical services (EMS) should
pass on information to promote greater coordinadiocare and ultimately, ensure
improved population health.

The ED plays a unique and substantial role inftaimework of population health
outcomes. The ED represents the most availablenamediate source of care for
critical, acute iliness, while simultaneously sagvas a gateway for inpatient admissions,

offering access to specialty and diagnostic sesviBeaithwaite, Pines, Asplin & Epstein,



2011). Emergency care utilization is a functionhef severity of patient’s complaint,
time, and proximity (Ragin et al., 2005; Richard€orwang, 2001).

The ED functions in a comprehensive capacity; & eitical staging area for
unplanned and acute illness (Schurr, Hsia, BurSihull & Pines, 2013) and a safety net
provider. For uninsured patients, the ED can fuimcas a source of usual care
(Emergency Medical Treatment & Labor Act, 2003).a8Aesult, high ED utilization
trends reflect its integral role on the healthcectrum. Since 1997, the annual number
of ED visits has increased by 23% (Niska, BhuiyX& 2010), comprising of nearly all
growth for inpatient hospital admissions (Morgagttal., 2013). Depending on the type
of facility, between 30 to 75 percent of inpatistatys originate from the ED (Pines,
2006), with a national average of 12.5 percenhpétient admissions. Inpatient
admissions serve as the bulk of the hospital’smeggamassing to 31 percent of national
healthcare spending (Morganti et al., 2013).

While previous studies yield inconclusive resultsat the financial impact of
EDs, whether it accrues profits for the hospitahfrhigh costs of care and or incurs
losses from its higher severity patient mix (WilsbiCutler, 2014), the ED acts as an
important decision maker for inpatient admissiddsiganti et al., 2013). Furthermore,
implementation of the ACA is predicted to increpsefits for hospital-based EDs
(Wilson & Cutler, 2014). With this financial levaya at stake, hospitals compete for
greater market shares, subsequently spurring alénvgh of internal rivalry in emergency
care.

It is important to distinguish between the levdlseambursement for different

conditions — naturally, most health systems foausproving outcomes for more
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expensive conditions. However, these lucrative tars do not comprise of unplanned
critical illness. Without the opportunity for greateconomic gains, emergency care
systems have little incentive to change and imptemere patient-centered and
population-health focus. The hospital costs foatirgy septicemia, an emergency care
sensitive condition and one of the leading causesootality (Centers for Disease
Control & Prevention, 2009), is regulated at anrage of $19,075 (HSCRC, 2013) in
Maryland. On the other hand, a cesarean delivesyakaociated charges of $23,173
(HSCRC, 2013). The difference in pricing betweegsthtwo common inpatient
conditions reflects the greater profitability iraphed and elective care, including
procedures such as transplants, chemotherapy,aadidc surgery, and the need to
redesign incentives for emergency care systemsliged high-quality care.

Coupling the IOM (2006) report on the future of egency care with the ACA’s
National Quality Strategy, the emergency care systed the overall health system face
analogous challenges and opportunities, undersgtiigneed for greater coordination of
care between the two entities. Reports of substdratal inconsistent emergency care
(Plantz, Kreplick, Panacek, Mehta, Adler & McNamalr@97) serve as impetus for
guality improvements. The National Quality Strategys to improve access, safety, care
coordination, and use of evidence-based intervestio deliver high quality care (HHS,
2011); these objectives are all transferrable ¢oditlivery of emergency care.

Emergency care is inherently team-based, involumdfiple providers and
interactions between pre-hospital emergency mederaices, nurses, and emergency
physicians (Schurr et al., 2013; Pines, 2006). Hjgality emergency care and smooth

transitions requires different systems to inteeant work with one another. Additionally,
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therapeutic interventions for emergency conditioray require substantial resources. A
ST-segment elevation myocardial infarction (STEKMKuires percutaneous coronary
intervention (PCI), involving both the ED and caldgy units (Rathore et al., 2009),
serving as impetus for developing multidisciplinéggms.

Through a cooperative stance, providers may asceajtelity improvements
through care coordination, information and resostta@ing. On a macro scale,
cooperation among medical personnel, suppliersfaailities in disasters and large scale
emergencies is necessary for patient triage andcalesirge (Waeckerle, 1991; Jacobs,
Ramp & Breay, 1979). After all, the best way toganee for a large scale disaster is to
create an emergency care system that functionstieté/ on an everyday basis
(Kellerman, 2006).

2.3 Emergency Care Sensitive Conditions

Toward the overarching goal of preparedness, thdicaecommunity can
examine and enhance the emergency system’s fusaiwh outcomes on a day to day
basis. Despite these beneficent intentions, quadégsurement for emergency care
requires more refinement. CMS’s Physician Qualigp®&ting Initiative Program and
Hospital Compare, as well as accrediting agenaigsiding the Joint Commission,
provide quality measures. However, many of the psed measures do not reflect the
systemic nature of emergency care problems anemgts, in addition to integrating the
goal of providing high-value, integrated emergeoase (Schurr et al., 2013).

Positive emergency care outcomes reflect the plmfithe whole emergency
system to provide coordinated, quality care, opgdsgust examining the capabilities or
processes of a single facility. The emergency sansitive conditions (ECSC)

framework identifies conditions for which rapid greosis and timely intervention
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significantly impact patient outcome (Carr et 2010). The development of this quality
measurement paradigm is analogous to AHRQ’s antdylatire sensitive conditions, for
which high quality preventative care may reducepitabzations (National Quality
Measures Clearinghouse, 2014). ECSCs include isch&troke, cardiac arrest, sepsis,
trauma, and STEMI — the outcomes of these timeisemsonditions can reflect high-
quality emergency care.

For these emergency conditions, the patient woelthken to the most
appropriate facility based on the severity of tbadition or facilities’ distances (Institute
of Medicine, 2006) in efforts to promote better lijyacare and outcomes. It emphasizes
the concepts of cooperation and commitment to gafebrder to get the patients the
right care at the right place at the right time l{&enann & Martinez, 2011).

Appropriate treatment for emergency care senstorelitions may require a
substantial number of resources, in addition tedrdggnosis, creating a need for
different emergency care services to collaboratader to promote patient outcomes.
The trauma system’s success in significantly radyonortality for traumatic injuries
(MacKenzie et al., 2006) highlights the benefitsexionalization towards providing
patients with the resources they require in a ymehnner (Myers, Branas, Kallan,
Wiebe, Nance & Carr, 2011). Because not all holspdantain trauma centers or
resources to adequately care for trauma patidrgss has been significant system
planning to ensure efficient and effective delivefyare (Branas, MacKenzie &
ReVelle, 2000). Through this approach towards patparh outcomes, the trauma system

can serve as impetus for development of coordingettms towards the goal of
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improving population health, for other unplannediaal illness, such as acute ischemic

stroke, STEMI, and cardiac arrest.

Stroke and STEMI can be detected by ambulancetstaffi extent (Harbison,
Hossain, Jenkinson, Davis, Louw & Ford, 2003; EekstCooper, Nguyen & Pratt,
2009) indicating a minor difference between thege ¢ondition from cardiac arrest and
sepsis, which require more equipment and testeagndse. Furthermore, the diagnostic
opportunity during paramedic transport reinfordesneed for greater system
communication and collaboration to ensure thakstand STEMI patients are delivered
to the most capable facility. Stroke patients tieakive early stroke treatment, tissue
plasminogen activator (rt-PA) have better outconfésgatment is administered within
90 minutes (Marler et al., 2000). Ambulance stasfwell as patients’ families, can
perform a face arm speech test for suspected spatkents (Harbison et al., 2003) and
with adequate knowledge of stroke symptoms. Thisalaninate the need for transfers
from within facilities or to another hospital, inder for the stroke patient to receive the
necessary treatment. Similarly, STEMI can be diagddy an ambulance ECG
(Eckstein et al., 2009) to ensure that the patiecgives the necessary reperfusion
therapy. For stroke and STEMI patients, hospitads$ have the resources to effectively
treat these conditions are obviously better siatedlcan promote improved patient
outcomes. These evidence-based strategies dentensilaced odds of mortality and
can be considered in emergency care system madiggtove collaboration between 9-

1-1 dispatchers, EMS staff, EDs and hospitals.
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Cardiac arrest has considerably high rates of dugr{dIcNally et al., 2009). Its
high fatality rate poses a significant public hieddurden. In out-of-hospital cardiac
arrests, induced hypothermia has demonstrated wragroutcomes and survival (Bernard
et al., 2002). However, only nine hospitals in stege of Maryland offer therapeutic
hypothermia resources, implying the need for caltabon and resource sharing among
providers in the state.

While the etymology of the term ‘emergency cargafes on the emergency
department, quality care and patient outcomes aggroduct of the whole emergency
care system. The U.S. healthcare system is higagnfented and variable (IOM, 2006),
resulting in inefficient and poor quality care. Wpoonsideration of emergency
preparedness and the ECSC framework, themes oécatggn and collaboration emerge.
As quality measures are beginning to shift towasisessing and incentivizing care
coordination, meaningful measures must also inctbdeanost basic outcomes measure
on the lowest end of the quality spectrum, mostalit

2.4 Sepsis — A Public Health Concern

There are a number of ED interventions that haveatstrated reduced mortality
and improved outcomes for patients with acute, t&®@msitive conditions (Kaji et al.,
2010) but have not been implemented nationallysiSep costly condition, remains a
major public health concern (Angus, 2010; Rhee,iKlompas, 2014). The
condition manifests itself as a potentially lifeghtening complication of a severe
infection (Al-Khafaji, Sharma & Eschun, 2014), cheterized by pathogenic
microorganisms (Weidemann, 2007). Without adegomegdical attention, the immune
system remains in a state of dysregulated inflanumgRhee et al., 2014) and triggers

widespread inflammation and subsequent cellularynip body tissues (Chang, Lynm &
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Glass, 2010). This may lead the development ofasmaultiple organ dysfunctions
(American College of Chest Physicians/Society ofi€xl Care Medicine Consensus
Conference, 1992), acting in a cascade ranging fgstemic inflammatory response
syndrome to septic shock (Bone, 1991).

There are a number of proven emergency departmemtentions designed to
reduce mortality and improve outcomes for patievith acute, time-sensitive illnesses
(Cairns & Glickman, 2010; Kai et al., 2010). Despitventy years of extensive research,
therapeutic approaches to sepsis have not beeassiicity translated to the clinical
setting (Rittirsch, Fierl, Ward, 2008). Rivers £t(@001) introduced Early Goal Directed
Therapy in 2001 as a protocol-based resuscitatiwo|ving the use of a central venous
catheter, blood transfusions, medications, andluaent of critical-care clinicians. In
this landmark study, Rivers et al. (2001) sugdest the use of Early Goal-Directed
Therapy (EGDT) provide significant benefits for sesgpatient mortality outcomes, later
serving as one the “cornerstone of the Survivings&eCampaign guidelines” (Levinson,
Casserly & Levy, 2011).

While there remains controversy over sepsis codiathodology (Gaieski et al.,
2013; Angus et al., 2001; Wang, Shapiro, Angus &lye2007; Dombrovskiy et al.,
2007; Martin, Mannino, Eaton & Moss, 2003) and casndates (Rhee et al., 2014;
Peake et al., 2014; Yealy et al.; 2014), “increds@dhreness] and recognition of novel
therapeutic strategies have led to renewed focumbpitals to improve outcomes in

patients with sepsis” (Gaiski et al., 2013).
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2.4.1 Sepsis Incidence and Mortality

Despite national attention on quality improvemeamd ¢he condition itself, sepsis
incidence and mortality rates continue to incre&sasski et al., 2013; Martin, Mannino,
Eaton & Moss, 2003; Hall, Williams, DeFrances & @Gukiy, 2011). Kaiser Permanente
(2012) attributes sepsis to causing more deatlaiornia hospitals than stroke, heart
disease or cancer. Despite the decrease in thdatalty rate, researchers found that the
national rates of death from severe sepsis incte@aieski et al., 2013). The number of
hospitalizations for septicemia or sepsis as &liimked or principal diagnosis increased
to 727,000 cases in 2008 (Hall et al., 2011). Sdpsspitalization rates more than
doubled from 2000 through 2008 (Hall et al., 20ihlgonjunction with national rates of
sepsis mortality increasing (Gaeiski et al., 2013).

As with any condition, it is important to considgher factors that may contribute
to the increased incidence. Previous studies haliedted that increased rates of sepsis
incidence can be attributed to an aging populatith an increasing burden of disease
(Hall et al., 2011; Martin et al., 2003; McBean &$amani, 2001), increased awareness
(Gaieski et al., 2013), greater use of invasive@dores, immunosuppressive drugs, use
of chemotherapy and transplantation, microbialstasice to antibiotics (Hall et al., 2011)
and improvement in coding practices for reimbursginsehemes (Gaieski et al., 2013;
Rhee et al., 2014). In essence, patients with sépse significant healthcare challenges
ranging on the spectrum of functional disabilitydeath.

While anyone is susceptible to sepsis, the eldartythose with compromised
immune systems are at greater risk for developamgptications (Ayres, 1985; Hall et
al., 2011) and significantly contribute to causkdemath for patients admitted to intensive

care units (Bochud & Calandra, 2003). Those ageangbolder had much higher
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hospitalization rates than those under 65 (Hadl.e2011). Furthermore, those aged 65
and older hospitalized for sepsis faced a 20 p¢rmentality rate compared to three
percent for other hospitalizations (Hall et al.12D As the aging population continues to
grow, with estimates of the elderly expected to pose of 20 percent of the total
population in 2050 (Ortman, Velkhoff & Hogan, 20l4)dicates that sepsis may be of
even greater concern in the future.

Sepsis is difficult to predict, diagnose and ti€xnters for Disease Control and
Prevention, 2014), resulting in a high mortalitterand potentially diminished quality of
life (Yende & Angus, 2007). While death is the magparent and obvious end point of
sepsis, it is important to acknowledge the oth@sequences of the disease’s symptoms
of organ dysfunction including neurological impa@am, respiratory impairment and
renal failure (Yende & Angus, 2007).

2.4.2 War on Sepsis

Sepsis awareness efforts like the Surviving Sepampaign and STOP Sepsis
Collaborative are coordinated alliances that eregeiicollaboration to reduce sepsis
mortality (Vassalos & Rooney, 2013; United Hospkahd, 2014). Despite the
controversy of best practices for sepsis codingthachpeutic intervention, analysis of
sepsis outcomes can provide insight on the potdrgizefits of hospital system
cooperation on a local healthcare market for enmergeare conditions.

Variations in healthcare and inconsistent caretjp@s generate serious concerns
about quality of care (Wennberg & Wennberg, 2008¢nnberg (2002) concedes that
wide variations in everyday practice are unwarradmethe field of clinical science.

Baicker, Chandra & Skinner (2005) noted the diffiers in treatments and effective care

18



among HRRs, indicating geographic disparities. inl@ications of variations in clinical
interventions can be observed in a variety of eMorris (2004) detected errors in
clinical setting were linked to the lack of clinictandardization for iatrogenic illness.
Similarly, proven interventions for altering thgoses care pathway exist (Rivers et al.,
2001; Yealy et al., 2014; Peake et al., 2014) Ihetet is no national standard for sepsis
treatment.

There remains relative ambiguity in denominatirggeandard sepsis treatment for
widespread use. Early aggressive volume resusgitatider the premise of EGDT
remains the basis of standard sepsis treatmerg @&RBernard, 2007) as part of the
bundle treatment. A bundle is a group of intervamithat product synergistic outcomes
when implemented together, rather than individuglgmbon, Ceola, Almeida-de-
Castro, Gullo & Vincent, 2008). Recent publicatiaigshe ProCESS (Yealy et al., 2014)
and ARISE (Peake et al., 2014) trials, reexamitimggtraditional sepsis bundle
treatments, suggest the use of EGDT in sepsishemtepractices may be questionable.
This is reminiscent of the since-retired pneumauality measure, yielding unintended
consequences of antibiotic resistance (Schurr.,€2@13). This historical precedence and
current ambiguity towards appropriate clinical mentions renders uncertainty towards
current sepsis mandates and best practices.

Despite the relative feasibility of implementingepsis bundle in the emergency
department and intensive care unit setting (Ngu@embett, Steele, Banta, Clark, Hayes
& Edwards, 2007; Zambon et al., 2008), compliarmtes remain relatively low (Miguel-
Yanes, Andueza-Lillo, Gonzalez-Ramallo, Pastor &gz, 2006; Zambon et al., 2008;

Gao et al. 2005). This can be attributed to a tanéfactors, including lack of education
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(Ferrer et al., 2008) and inconclusiveness abqsisdest practices (Yealy et al., 2014,
Peake et al., 2014) and coding (Gaieski et al.320Mhis lack of general compliance
even years after the Surviving Sepsis Campaignefjaes’ implementation reveal the
need to simplify the bundle to increase its clihaacessibility (Zambon et al., 2008).
Hospitals and physicians face a tremendous chalendiagnosing and treating a
disease rapidly and accurately, with minimal guaan

Previous studies indicate the rate of compliandé thie 6-hour and 24-hour
sepsis bundles to be 52% and 30%, respectively,(BBalmdy, Daniels, Giles & Fox,
2005). Furthermore, 39% of acute adult emergentigimia were admitted to the
intensive care unit late into the clinical carehpedy (McQuillan et al., 1998) These
findings reiterate the need for improving the stuoe and process of delivery of care
(McQuillian et al., 1998). Despite the controveosier the EGDT mandate and the
results of the ProCESS and ARISE trials, sepsisllesrdemonstrate clinical
effectiveness in reducing hospital mortality of sspatients (Gao et al., 2005).

In response to the Institute of Medicine’s (2004l) tor delivering high quality
medical care, hospital systems honed in on quatiprovement initiatives under the
premise of improving outcomes while reducing c¢Stsortell, Bennett & Byck, 2001).
Several hospital systems engaged in efforts toceedapsis mortality through improving
early detection and appropriate treatment straseglencon, Bourke & Ikeda (2007)
suggest that centralized remote identificationtaisk sepsis patients can improve
compliance to sepsis management and best praciicesmplementation of a
multicenter sepsis bundle at Intermountain Heajtt&n resulted in a 59% relative

reduction in hospital adjusted mortality rate (Milet al., 2013). Intermountain Health
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System includes 18 intensive care units (ICU) ahthdspitals in Utah and Idaho (Miller
et al., 2013). Similarly, Kaiser Permanente’s systec approach to sepsis identification
and management reduced mortality from 24.6% in M2@08 to 11.5% in December
2010 (Crawford, Skeath & Whippy, 2012). This mudtiter approach could serve as an
organizational framework for other emergency cgstesns and conditions. In
conjunction with these health systems’ sepsisativMes, Penn Medicine’s
implementation of an algorithm for an early warngygtem to identify sepsis patients
has led to a 4% decrease in sepsis mortality (MoC2014). These coordinated efforts
and progress towards sepsis reduction reflectalihiéies of collaborative and integrated
health systems to streamline delivery of care, pcody better outcomes (Cutler &
Morton, 2013; Bodenheimer, 2008).

2.5 The State of Maryland’s Initiative

Quality improvement in sepsis and other emergenacy conditions can take
place through coordinated clinical efforts as vesllpolicy levers. Hospital costs totaled
$387 billion in 2011 (Torio & Andrews, 2013), indiing that costs and quality may be
better addressed simultaneously in improvemernatnies. High levels of healthcare
spending, accounting for nearly two-fifths of ouet&S. economic activity (KFF, 2012),
invite reforms.

Many cite the traditional fee-for-service paymeygtem as the culprit for
increased health spending, without correspondimgyorements in health outcomes
(Orszag & Ellis, 2007). In contrast to the fee-éarvice approach of rewarding providers
on case volume, Maryland’s innovative payment moealigns hospital payments to
improve quality of healthcare (HSCRC, 2011). Akiithathe ACA’s goals of reducing

healthcare expenditures and improving health ouésprtine Centers for Medicare and
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Medicaid Services (2014) and the state of Marylestdblished a partnership to develop
the nation’s only uniform payment regulation syst@amwhich all third parties pay the
same rates.

Established in 1971, Maryland’s rate-setting sysédlows the state to control and
budget hospital costs (Shurkin, 2014) and morentbgeset goals that emphasize quality,
not quantity in care (Coyle, 2014). In the past tiacades, Maryland has demonstrated
success in reducing costs per admission (AndefSoanilk & Fowler, 1993) and growth
(Murray, 2014), from 24 percent above the nati@va&rage in 1977 to 11 percent below
the national average within two decades (McDonod§B5). Currently, the system has
“saved the sate more than $45 billion in healtle carsts” (Coyle, 2014).

Maryland’'s All Payer-Model serves as impetus antkpial framework for
improving delivery of care (Rajkumar et al., 201Maryland hospitals have retained
their “reputation for clinical excellence” (Coyl2014). The U.S. News & World Report
(2014) ranks Johns Hopkins Hospital within the ttaee performers along with a
number of Joint Commission accredited facilitieBisTpartnership between Maryland
and CMS can reveal the advantageous link betwespitabpayment systems and
improved health outcomes (Murray, 2014) to serva pstential model for the rest of the
nation.

2.5.1 Sepsis in Maryland

Under the new Medicaid waiver effective JanuaryZQlhe state of Maryland is
charged with the task of reducing infections angpital-acquired infections by 30
percent within five years (Centers for Medicare Metlicaid Services, 2014). The

current HSCRC quality- and performance-based tiuga identify postoperative sepsis
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as a patient safety indicator (HSCRC, 2013; AHR@DD, revealing the state’s quality
improvement enterprise. Going forward, the Maryl&lus$pital Association and
Maryland Patient Safety Center developed Impro8egsis Survival, a federal-industry
sepsis mortality reduction initiative for Marylahdspitals (Maryland Hospital
Association, 2014) to meet this target. Sepsisntbst expensive condition treated in
hospitals, amounting to over $20 billion in 2016 & Andrews, 2013), along with its
high disease burden, renders it an extremely efétarget in meeting the Medicare
Waiver’s financial and quality targets.

The Maryland Patient Safety Center operates asmdareprofit organization and
is listed as a Patient Safety Organization by tgery for Healthcare Research and
Quality under the provisions of Patient Safety @nudlity Improvement Act of 2005
(Maryland Patient Safety Organization, 2014). Fiomihg as an American Hospital
Association ally, the Maryland Hospital Associatisran independent organization
focused on serving as Maryland’s hospitals andthegstems’ advocate (Maryland
Hospital Association, 2014). The collaboration lew these two independent
organizations signifies the need, and inherenttgpbibr quality improvement paradigms
to scale beyond just the health system.

Beginning in July 2014, ten Maryland hospitals pgvated in the initiative’s first
cohort (Maryland Patient Safety Center, 2014),udtig hospital systems and
independent hospitals. In the Baltimore HospitdieRal Region, participating hospitals
include: Carroll Hospital Center, Johns Hopkins pitad, LifeBridge Health System’s
Northwest Hospital, LifeBridge Health System’s SiHaspital of Baltimore and

University of Maryland Baltimore Washington Medicénter. Additionally, Holy Cross
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Hospital and MedStar Montgomery Medical Centehiem Takoma Park Hospital Referral
Region are participants as well. The unique mikaspitals in bed size, affiliation with a
health system, location, and reputation allowsstyesis collaborative implementation to
not only be more generalizable, but also repredaetstatewide, collaborative aspect of
improving healthcare. As future cohorts unveimay become possible to assess the
impact of the collaborative on not only sepsis mlist but also guide future quality
improvement paradigms.

2.6 Conceptual Framework

Recent hospital consolidation trends bring attentmthe role of competition and
its influence on delivery of care and controllingsts. There is no consensus, however, as
to the appropriate level of competition in healéinecto facilitate delivery of care.
Previous studies have examined the associationeleataompetition and price,
attempting to extract the influence of cost ondkierarching healthcare problem.
However, quality problems remain pervasive in th8.Uealthcare system. A number of
studies found positive effects of competition otigrg outcomes, but cannot be
generalized beyond the planned care setting. Coesdg, questions remain about the
role of competition on emergency care outcomes.

The role of emergency care and its associatedesigik, especially in the context
of delivery of quality care, remains undetermingd.an essential part of the healthcare
system, the ED provides a variety of challengesapmbrtunities to move forward in the
quality of care dialogue. However, a better un@deding of the role of competition in
emergency care is important, demanding the neefifitrer research in this sector. This

retrospective data analysis examined the effebbspital competition on emergency
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care outcomes, providing implications for coordioatand competition in emergency
care.

2.7 Specific Aims

In light of the limitations in previous literatueand exigency for a better
understanding of quality in emergency care, thiggsexamined the association between
hospital competition within a region and inpatieatcomes for emergency care sensitive
conditions. If such a relationship exists, thisdgtsought to measure this effect. This
cross-sectional, observational data analysis asddlss association of competition on
emergency care patient outcomes, focusing on mmatiospital mortality for five
emergency care sensitive conditions: sepsis, traaoude ischemic stroke, cardiac arrest
and STEMI. In essence, the study sought to charaetihe role of competition in

emergency care for patient outcomes.

3: Methodology
3.1 Research Question

1. Is there an association between health systempetition and emergency care
outcomes?

3.2 Study Design

A retrospective regression analysis assessedftdat ef hospital system
competition for a given hospital referral regioninpatient mortality originating from the
emergency department. The analysis focused orotlosving conditions: Sepsis, trauma,
acute ischemic stroke, cardiac arrest, and ST-seigehevation myocardial infarction.
This data analysis was conducted using the Agemchéalthcare Research and

Quality’s Healthcare Costs and Utilization Proj&fiate Inpatient Database (SID) file for
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Maryland for dates of service 2012, American Hadplssociation, and Dartmouth Atlas
of Healthcare.

The SID is collected annually by the Agency for Hezare Research and
Quiality, and contains the universe of inpatient sdmans to community hospitals for all
payer types. The SID data is supplemented by ges&ihospital information from the
American Hospital Association (AHA) to enable maradepth empirical analyses of the
role of hospital system competition on emergencg agatient mortality.

This database contained detailed diagnostic, gillamd patient demographic
information for 695,207 inpatient episodes in tlb&2 year, of which 70,677 cases were
used for the emergency conditions being considerdus study. The Maryland SID is
composed of more than 200 variables, includingou®(t International Classification of
Diseases, Ninth Revision, Clinical Modification P&9-CM) diagnoses, discharge status
from the ED, admission type (e.g. emergency, urgdattive), patient demographics
(e.q., gender, age, race, urban-rural designafipateent residence, national quartile of
median household income for patient’s ZIP codepeeied payment source (e.g.
Medicare, Medicaid, private insurance), admissygetand hospital identifiers allowing
supplementary hospital-level information (e.g. bex, teaching status, hospital
ownership, and hospital system affiliation) to imééd.

3.3 Analytic Approach

This study examined the association between radsistem competition, the
main predictor variable, and inpatient hospital talily for emergency care sensitive
conditions, the study’s outcome variable. The cphead framework is depicted in Figure
1.1. Using AHA data on nonfederal, short-term gahand specialty hospitals, the

study’s analytical database categorized the indadithospitals into hospital systems to
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calculate a competition measure for the correspanldical healthcare markets. For the
purpose of this study, the local healthcare maskdelineated as the hospital referral
region, as defined by the Dartmouth Atlas of Headtk (Wennberg & Cooper, 1996).
The study used the Herfindahl-Hirschman Index (HHIneasure competition
and subsequently analyze its association with iepahospital mortality for emergency
care conditions (Cutler & Morton, 2013). Associatizetween inpatient hospital
mortality and the independent variable of hosmtahpetition is examined with the use
of a multivariable binary logistic regression modéHIs were also calculated for
inpatient admissions originating from the ED ashaslspecific conditions under study.
These modifications of competition allowed for angarative analysis of the role of

competition, specifically in emergency care.
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Instrumental Variable

Hospital System
Affiliation

Outcome

Main Independent Variable /—>

Binary Competition Measure
for the emergency care
sensitive condition of interest

Covariates

age, age squared,
gender binary, racial binary,
Elixhauser & Charlson Comorbidity,
payer binary, urban, income quartile
binary, bed size, teaching status,
hospital fixed effects

Figure 3.1: Conceptual framework of the regressiomnalysis.Including the
instrumental variable of hospital system affili@jonain explanatory variable of regional
competition, acting as endogenous, covariatestftedutcome variable of mortality.
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3.4 Study Population
The dataset for inpatient admissions, originatinognfthe emergency department,
that fit the emergency conditions of interest, eam¢d a total of 70,677 observations. The

parameters for study population selection is hgittkd in Figure 3.2.

All inpatient admissions

n=695,207
Hospitals located in one
of the HRRs n=501,980 |—
Originated from ED-type
Admission n=291,845
Sepsis Trauma Acute Ischemic Cardiac STEMI
Diagnosis Diagnosis Stroke Diagnosis Arrest Diagnosis
n=26,291 n=28,216 n=11,228 Diagnosis n=28,216
n=28.216

Figure 3.2: Selection of study population and numhbeof observations for each
condition. Data was obtained from the Maryland SID 2012 da#dients with limited
demographic information were excluded.

The study population included patients classifigith WCD-9 codes for the
following emergency care sensitive conditions: sgsguma, acute ischemic stroke,
cardiac arrest, and STEMI as characterized in Agpe@. The sepsis cohort contained
26,291 observations, 28,216 observations for tradrh228 observations for acute
ischemic stroke, 2,125 observations for cardiagsarand 2,817 observations for STEMI.

3.4.1 Coding Methodology

While there remains a general consensus that tdeince of sepsis is increasing
(Hall et al., 2011; Centers for Disease Control Bnelention, 2009; Gaiseki et al.,
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2013), there is substantial variability in the attcidence and mortality rates,
depending on coding methodology (Gaieski et all,330The lack of widely accepted
definitions of sepsis and its complications has enadifficult to obtain accurate
estimates of its incidence and mortality (Bochu@€&landra, 2007). One study
examining sepsis coding variability utilized ditéet sepsis coding schemes and found
that the annual average incidence of sepsis vasaduch as 3.5-fold (Gaieski et al.,
2013). Despite the introduction of the new ICD-8le® designated for sepsis, severe
sepsis, and septic shock diagnoses; these codastarsed uniformly and still require
the use of supplemental infection codes (Gaieséll.e2013). The accuracy of ICD-9
CM coding remains controversial and may underesértiee true incidence and burden
of clinical sepsis (Martin et al., 2003; Rhee et2014).

Rather than relying on a single coding methodolmgysepsis, this study
integrated two validated sepsis coding methodofofyiam Dombrovskiy et al. (2007)’s
longitudinal study of sepsis hospitalization andtady and Elixhauser et al.-generated
septicemia HCUP brief (2011). Because Elixhuasat.dbcused only on septicemia,
Dombrovskiy’s methodology is incorporated with Elauser’s codes to reflect the full
cascade of sepsis. Therefore, the ICD-9 CM codeg@fest ranges from the systemic
inflammatory response to septic shock, to inclualeymg degrees of sepsis severity.

The use of an integrated coding paradigm provideubee comprehensive and
accurate assessment on sepsis, based on the kvadabbles in the data abstract for the
purpose of this study. To validate this coding sebgthe sepsis diagnosis codes were
cross-referenced with AHRQ's (20009) Patient Saletlycator brief for postoperative

sepsis codes, excluding the codes for shock — atipostoperative shock. The ICD-9
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CM codes present in all three methodologies arsidered for this study, with minor
exceptions. The three excluded ICD-9 CM codes \wegkevant to this study. Elixhauser
et al.’s use of newborn septicemia is not consildsecause the study’s working dataset
only contained patients over the age of 18. Thesatified ICD-9 CM codes exclude
Dombrovskiy et al.’s categorization of severe sepsth organ dysfunction codes, since
this study merely examined the incidence and mtytaf all sepsis cases, regardless of
severity. For future studies that seek to diffaetatbetween sepsis-severity outcomes, it
would be useful to include the Dombrovskiy’s distion of organ dysfunction-sepsis
cases.

A similar and simpler literature review process waed to identify ICD-9 CM
codes for the other emergency conditions. For tegumo trauma benchmarking studies
were referenced (Benns, Carr, Kallan & Sims, 2@®8llips, Clark, Nathens, Shiloach &
Freel, 2008). For acute ischemic stroke, the sadbpted Kokotailo & Hill's (2005)’'s
suggested stroke codes, while accepting the authated slight bias towards more
severe strokes, since patients with mild symptorag not seek treatment. Cardiac arrest
was operationalized through a single ICD-9 codear(€gal., 2009). STEMI patients
were identified with Steinberg et al.’s (2008) aaglparadigm.

With the looming ICD-10 compliance deadline apptoag, it is important to
consider the clinical and quality implications bist pervasive coding variability. Under
the Health Insurance Portability and Accountabifist, covered entities are required to
transition to ICD-10 by October 2015 (Centers faditare & Medicaid Services, 2014).

This mandate will most likely bring even more amliig to sepsis and other complex,
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multistage conditions coding by researchers amdc@ins. Coding variability remains an
area of future study and refinement as this tremmsiinfolds.

3.5 Measures

Key variables of interest include: system compatitisystem affiliation, and
inpatient mortality for the emergency conditionsraérest. These variables were all
derived from SID, and supplementary hospital charétics.

3.6 Outcome Variable: Inpatient Mortality for Emergency Conditions

The main outcome being studied is inpatient mdytédir emergency care
conditions. The outcomes of mortality are clasdifis survive or died, rendering it as a
dichotomous outcome. Therefore, mortality is inhégecategorized as a binary variable
to indicate the patient’s outcome.

The study considered inpatient mortality from eneeiy-type admissions, for
sepsis, trauma, acute ischemic stroke, cardiastaanel STEMI, as classified by the ICD-
9 CM codes in the medical record’s listed diagnds@s SID. The 2012 Maryland SID
file lists up to 30 diagnoses for each patient-gtudy considered all 30 in the analyses.
Because of the natural disease pathway of sepsigondition often emerges after initial
hospitalization, rather than acting as the prinogaaise for admission. Therefore, sepsis
is often listed as a secondary diagnosis insteadimfary (Hall et al., 2011). Being able
to consider all 30 diagnoses in Maryland’s dataietved for a more comprehensive
analysis of the incidence and mortality rates oéegancy conditions. Furthermore, it
provided greater depth to the study by enablindyaea of any interactions between the
different emergency care sensitive conditions.

The study examined the case fatality rate, the tcases for the condition of
interest ending in death to the total number oft@tion-specific cases in the hospital

32



referral region. Hospital standardized mortalitjas.can be used to assess hospital
performance (Berthelot, Lang, Quan & Stelfox, 20B4d correlating to this study,
hospital system performance in HRRs.

3.7 Key Independent Variable: Competition at the Hgpital Referral Region
Level

This study defined the local healthcare markeh@tHRR level. The HRR
deliniation is useful towards the study’s goalsinflerstanding the association between
competition and patients’ outcomes, especially wimae-sensitive and geographic
constraints are critical factors. The HRR defimtalso provides a larger, more systemic
perspective of the healthcare market, allowing iogpions about hospital consolidation
and care coordination to be ascertained.

Following the geographical methodology of previstidies of hospital
consolidation (Cutler & Morton, 2013; Robinson, 2plthe HRR unit provides a
geographic unit to analyze the local hospital meskeictures in the state. The
Dartmouth Atlas of Healthcare demarcates 306 HRRisa national healthcare market,
three of which are located in Maryland. The 2012 W&nd SID data was mapped to the
designated Dartmouth HRRs, using the admitting i@li&pzip code to identify the
patient's HRR designation, rather than the patzgntode to better reflect healthcare
utilization patterns and associated outcomes.

The use of HRRs to define the market area is corhmaed in studies of
regional variation (Wennberg et al., 2002; Leelet2®12; O'Hare et al., 2010; Song et
al., 2010; Robinson, 2011) in quality of care (Fisat al., 2003). Using a multifaceted
algorithm of commuting patterns of patients to magderral hospitals (Wennberg &

Fisher, 2003), hospital referral regions are gdedrto represent regional healthcare
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markets where patients seek tertiary care (Wennkégoper, 1996). HRRs “contain at
least one hospital that performs major cardiovasquiocedures and neurosurgery”
(Wennberg & Cooper, 1996). Because the HRR repteselarger healthcare market,
this study utilized this broader market area d&bénito conduct an in-depth analysis of
competition among hospital systems.

3.7.1 Maryland Geography at the Hospital Referragi®n Level

In terms of topography, Maryland is diverse andaturally divided by the
Chesapeake Bay, resulting in a natural, geograliyydefined HRR on the Eastern
Shore, Salisbury, and two other HRRs, Baltimore Bakbma Park, on the West side of
the Bay. Maps of the state’s three HRRs are shovigures 1 and 2. The Baltimore
HRR has the largest resident population (Wennbe@p&per, 1996). It encompasses
Baltimore City, the most populated city in the stél.S. Census Bureau). As the second-
most populated HRR, Takoma Park contains Princed@County, which has the
second-largest population in Maryland. Finally, 8adisbury HRR reflects the
population patterns of the state’s Eastern shouattes — it is considerably less populous
than the more metropolitan areas in Maryland (@C&hsus Bureau). Located bayside,
the Salisbury HRR encompasses more miles of sher@ilaryland Geological Survey,
2007). It is geographically isolated from the refsthe state and contains lower rates of
developed residential and non-residential land tharcounties in the Baltimore and

Takoma Park HRRs (Maryland Department of Plann2@d,0).
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Hospital Service Areas Assigned to the Baltimore, MD Hospital Referral Region
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Figure 3.3. Map of the Baltimore and Takoma Park Hgpital Referral Regions.

Note. Data source: Dartmouth Atlas of Health Care, 1996.
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Hospital Service Areas Assigned to the Salisbury, MD Hospital Referral Region
—_— -

Figure 3.4. Map of the Salisbury Hospital ReferralRegion.

Note. Data source: Dartmouth Atlas of Health Care, 1996.
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The following table obtained from the Dartmouthatlof Health Care details the

HRRs’ population and healthcare characteristicsr{iderg & Cooper, 1996).

Hospital Referral Region Resident Population AdTiee Beds per 1000 Expenditures per capita

Baltimore 2,247,761 3.1 1,116
Salisbury 305,907 2.8 998
Takoma Park 778,169 2.7 703

As the largest and most populous HRR, Baltimordaios seven hospital
systems and three independent hospitals. The BakitHRR encompasses the
University of Maryland Medical System and Johns Kopg Health System, which are
considered to be rivals (Appleby, 2012). Thereaatatal of 23 hospitals in the Baltimore
HRR, all located within the states. The Takoma PHRR contains four hospital systems
and one independent hospital. Finally, the Saliglbl{RR contains two hospital systems
and one independent hospital. It is important tie rieat the Salisbury HRR contains two
hospitals located in Delaware as well. Withoutakailability of Delaware data, these
out-of-state hospitals were excluded from the sgiggrameters.

Geospatial information from the Dartmouth AtlaH#althcare provided a
contextual understanding of the HRRs’ healthcaitezation trends. In the 1992 fiscal
year, the Baltimore HRR’s Medicare reimbursemeetsgmrollee was $4,481,
significantly higher than the national average 8#650. Along the same lines, the HRR
has more acute care beds, acute hospital emplagegstered nurses in acute care
hospital, adjusted total acute care hospital exijperas, physician workforce, specialist
physicians, and number of medical discharges tliaer &outh Atlantic HRRs. These

initial population-level statistics reveal that Balore has traditionally been a more
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resource-intensive and high-spending HRR than dtliRRs in the South Atlantic region,
and particularly when compared to the other HRRbénstate.

For this study, the competition index was calcuatthe HRR level, allowing
regional variation analyses of hospital system catitipn and population-level patient
outcomes. Because emergency care necessitates iatenagdical attention, the patient
is restricted to proximate hospitals, likely eneldsn the geographic bounds of the HRR.

3.8 Competition Index

The Herfindahl-Hirschman Index (HHI) is used to aiify the competitive
environment in each HRR. HHI is the most commonsueaof competition and used by
the Department of Justice and Federal Trade CononiddHI captures the number and
relative size of firms (Baker, 2001) to describe tharket competition and inter-market
variation in competition (Sari, 2002).

This study calculated the competition index usioggital systems’ market shares
within the three HRRs. Because the study focuseth®@impact of hospital system
competition, the study compares patient outcomdsospital system rather than
individual hospitals. Therefore, Holy Cross HoshpimaSilver Spring is classified as part
of the Trinity Health System, Laurel Regional Hdaapand Prince George’s Hospital
Center are both part of Dimensions Healthcare 8ystéedStar Montgomery Medical
Center is part of MedStar Health, and Washingtomehtist Hospital is part of Adventist
Healthcare. Doctors Community Hospital operatetha®nly independent hospital in the
Takoma Park HRR, in which the study considerechdividual entity and unaffiliated
with a health system. In the Salisbury HRR, it eomg three independent hospitals. The

competition index calculation considered each hakpidividually.
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For the competition index calculation, the wholsgital system is considered to
better serve the purpose of the study. The udeedfidspital system variable provided a
better indicator of coordination of care as wellegl of market concentration. With the
focus on care coordination, collaborative hosgEatems claim to better serve patients
and communities through its geographic influencedBriving the competition index at
the hospital system level, this study hoped tetfthe true structure and quality of care
of the local healthcare market.

The competition index reflects the aggregate habkpitstems’ market shares for
three separate parameters: all inpatient admissadinapatient admissions originating
from the ED, and all inpatient admissions origingtfrom the ED for the conditions of
interest. Mathematically, the competition indexhie sum of the all hospital systems’
squared market shares (Pearlstein et al., 2002)spctrum of competitiveness in the
market can be categorized into three categoriesohisentrated (HHI between 100 and
1500), moderately concentrated (HHI between 15@02&00), highly concentrated (HHI
above 2500) (Department of Justice, 2014). In exsehe lower the HHI, the more
competitive the market is. HHI increases as bathilimbers of firms in the market
decreases, and as the disparity in size betweetotitabuting firms increases
(Department of Justice).

For the sake of simplicity and enhanced readabitfitig study translated HHI into
a zero to one range. Therefore, an HHI of one atdthat there is one single
monopolistic hospital system dominating the mar&at] a minimal, if any, level of

competition from other providers. On the other hanlbw HHI of 0.2 indicates that
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there are a substantial number of providers imth&ket, representing numerous health
systems or independent hospitals.

3.8.1 Modified HHIs

Considering the innate differences between plamwaeel and emergency care, this
study sought to explore the role of competitioncdpzally in the emergency care sector.
Through an original modified-HHI paradigm, thisdgumanipulated hospital system
market shares to fit the emergency care and disgsesgfic contexts, subsequently
producing varying levels of competition. The stugdyse and creation of modified-HHI
methodology is novel for healthcare sectors, eslgdor emergency care.

In this study, the modified-HHI approach funnelbd tompetition measure from
a general portrayal of health systems’ market shiswéhe HRR to specifically assess
emergency department admissions of interest. Tioighed a preliminary approach
towards understanding the level of competitiondimergency care in contrast to the
overall inpatient system. As the emergency departmentinues to evolve, the modified-
HHI methodology can provide a juxtaposition betw&Ehand inpatient admissions in
general.

To extend the use of this modified-HHI methodolodpys study calculated
disease-specific HHIs for the emergency care seasionditions of interest rather than
just analyzing discharges for all conditions. Farthore, HHI calculation for the five
emergency care conditions provided for an analysiee potential variation in
competition for different diseases. The modified{Hirethodology lends a more narrow

focus towards the study’s area of interest in emeey care. Future studies that seek to
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assess the impact of competition for a discretalfadipn and conditions of interest,
pediatrics for instance, can utilize this studysdified-HHI paradigm for greater insight.
3.8.2 Calculation of HHI
HHI calculation requires determining the marketrslaf hospitals or health
systems in the specified HRR. The market sharach éacility is based on the number
of discharges. The following equation depicts firiscess.

# of discharges at one hospital
# of discharges within the HRR

Market share:

The market share of each facility is squared, &ed¢sulting amounts are then
totaled for the HRR, resulting in the subsequeniaéqgn.
HRR Market Shares
= Facility A's Market Share? + Facility B's Market Share?
+ Facility C's Market Share? + Facility (n — 1)'s Market Share?
The HHI reflects the level of competition in the RRsuggesting that one region
may be more competitive than another. The faailirket shares were modified to
reflect the various competition and disease pararsgto produce more ED-specific
competition indices. These considerations for tloglifred-HHI methodology is shown in
Figure 4. The of the use modified-HHIs providesaaalytical visualization of

competition in terms of the state’s geography.
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All inpatient admission
n=695,20

~

Originiated from
Emergency
Department-Type
Admission n=291,845

Diagnosis of ECSC
n=70,677
Diagnosis of Sepsi Diagnosis of Traum
n=26,291 n=28,216
Diagnosis of Cardial: Diagnosis of Stroke
Arrest n=2,125 n=11,228
Diagnosis of STEM

n=2,817

Figure 3.5. Calculation of Competition Index. First the inpatient admissions are
considered, then only admissions originating fromre Emergency Department, and

then the condition-specific parameters.
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3.9 Covariates

To diminish the potential for confounding, the reggion analyses controlled for a
variety of patient, episode, and provider charasties. Potential confounders were
selected based on literature and included pateaardt-hospital-level characteristics. Given
that variable mortality rates may reflect differeac¢n study populations and settings,
rather than a lack of association, it is necesgatgke these covariates into account.

3.9.1 Patient-Level Covariates

Patient-case mix and demographic covariates indlgeéader, age, race, and
median income quartile based on the patient zig.coding information retrieved from
the SID, the variables of gender, age, and race wetuded to account for possible
differences in the HRR study populations’ in denamipic profiles. The median income
guartile of the patient’s zip code was definedaarfquadrants: 0 — 25 percentile, 26 — 50
percentile, 51 — 75 percentile, and 76 — 100 peileen

In this study, weekend admission was consideredpagient-level variable.
Weekday and weekend admission has been identgiadriak factor for patients
presenting with unplanned critical iliness, resigtin variability in emergency care
outcomes (Carr, Reilly, Schwab, Branas, Geiger &b#| 2011; Bell & Redelmeir,

2011; Shulkin, 2008; Cram, Hillis, Barnett & Rodeait 2004).

Because comorbidity is an important confoundedimaal and epidemiological
studies (Schneeweiss, Seeger, Maclure. Wang, A&d@sitynn, 2001), controlling for
patient comorbidity allows a more accurate analysiag the claims-based data.
Comorbidity measures were validated by “how wedhtipredict worse health outcomes,
health care utilization, and increased health eapenditures” (Schneeweiss et al.,

2001). Comorbidity covariates included all compdseaai the Charlson Comorbidity
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Index (Charlson, Szatrowski, Peterson & Gold, 1994 AHRQ-sponsored
supplemental comorbidity software provided the Bdinser Comorbidity algorithm to
develop measures for risk-adjustment. Combiningharlson and Elixhauser
Comorbidity Indices enabled comparisons of mostainong the different conditions,
while controlling for underlying health status ahdess severity.

3.9.2 Hospital Characteristics as Covariates

The AHA Directory and HCUP AHA Linkage file supplemts the SID with
hospital-level information, including bed size,dkeng status, type of control, and
hospital affiliation, allowing more in-depth emial analysis. In the context of this
study, hospital characteristics may act as conferswdnd proxies for hospital quality.

For the hospital characteristic variable of “tygecontrol,” the study referred to
the AHD profiles. This study supplemented the Ahifbrmation by examining the
HSCRC Community Benefits Report Narratives as Wéle ACA requires designated
non-profit hospitals to submit a Community Healtbelds Assessment (CNHA) and
HSCRC collects these reports. The CNHA report ietuall 32 hospitals captured in the
analysis, indicating a not-for-profit status. Howewone variation to note is Johns
Hopkins Bayview Hospital. AHD lists Bayview as pte whereas the AHA profile lists
as a not-for-profit. Because of the discrepanay,a@hidence of the AHA profile and
CHNA report suggests that Bayview is a not-for-irofganization. In the overall
scheme of the analysis, the other 31 hospitalalalisted as not-for-profit, rather than
private, relegating it difficult to use the “typéaontrol” variable as an adjustor in the
analysis. In terms of an executive decision, thig categorized Johns Hopkins

Bayview Hospital as a voluntary not-for-profit orgzation as well, due to its submission
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of CNHA documents and the AHA classification. Besaof the uniform non-profit
status, hospital ownership was not a relevant obimrthis study.

The Salisbury HRR is on a significantly smallerledhan Baltimore,
subsequently the Salisbury HRR lacks some hosgiiacteristics that are important
controls in this study. Salisbury does not congaig teaching hospitals or hospitals
affiliated with a health system. In this study,dieiag status acts as a hospital quality
characteristic that may confound and affect mdstalieaching status may be correlated
with competitiveness as well (Pines, 2006). Addisilby, the Salisbury HRR is
comprised of independent hospitals. However, tlidysaims to study the role of
competition and quality, for which hospital systaffiliation may impact one or both
variables. Because the overall objective of thelysis is to examine the relationship
between competition and mortality for emergency @anditions, the inclusion of
teaching status and hospital system affiliatioo@srols facilitates a better
understanding of the impact of hospital charadiesa®n patient outcomes and quality of
care.

The number of hospitals categorized as teachinga#filicited with a hospital
system varies by the HRR. Small and differentigieds led to unstable estimates of the
association between hospital characteristics amdtindy outcome. In using teaching
status and hospital system affiliation, the eftgdhe hospital characteristics and stability
of the estimates are minimized.

3.9.2 Creation of Binary Covariates

For the regression analysis, the categorical categiwere transformed into

binary variables. These categorical variables, siscpayer or gender, do not have a real
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numerical relationship with one another. Thereftine,creation of dummy variables
converts the variable into a binary variable forenaccurate statistical analyses (Pasta,
2009). For nominal variables with multiple levetg;luding race and median income
guartile, binary variables can be created to regmesach level or category.

Gender, race, payer, urban or rural patient looatnedian income percentiles of
patient zip code, hospital system affiliation, wee#t admission, and teaching status are
depicted as binary variables in the regressionyaral enabling the use of a single
regression equation to represent the associateghgjro

3.9.3 Creation of Binary HHI

Initially, the main explanatory variable, HHI, begas a continuous variable and
became categorical, namely three regions. Themamiis competition index can be
scaled from zero to one, reflecting the spectrumonfpetition in the local healthcare
market. Preliminary analyses using the continuauspetition index yielded convoluted
and insignificant results, suggesting further reffifent of the competition index. In the
scope of this study, Maryland encompasses threesHRR)nificantly limiting the ability
of HHI to be used as a continuous variable ancetbez supporting its transformation
into a binary variable.

Accordingly for analytical purposes, binary HHI \adoles were created. The
binary HHI variable distinguished between high &owl level of competition in the
HRRs. While the three continuous modified-HHI vhles represented the differing
levels of competition in the inpatient, emergeraryd disease-specific contexts, the
binary high and low competition categories allowsrenaccurate assessment of the

HRRs’ level of competition, by simplifying the cometjtion relationship.
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For future studies that incorporate a larger sadmgeographic markets across
states or regions, the use of the continuous neaiifiHIs may provide a more
comprehensive approach because of the greater msimbldRRs and associated
competition indices. Regardless, this study’s wasiblHI-adjustments revealed the
ability of the competition index to fit a variety study specifications.

3.10 Statistical Analysis

For this study, the sample means and standardtassavere calculated to
provide descriptive statistics of population chéedstics within the three HRRs. A
Pearson’s chi-square test was utilized to comgeaelistributions to ascertain any
significant differences in ECSC mortality among HieRs.

Two-sample t-tests were conducted to assess thegtaphic and hospital
facility differences and any significant differesc@mong HRRs. Two HRRs were
modeled simultaneously in the two-sample t-tesiyioling an examination of the
Baltimore HRR against Salisbury HRR, Baltimore agairakoma Park, and Salisbury
and Takoma Park. The associated means, standaedioes, and p-values indicated any
significant differences between the regions to aéttee makeup of the regions. For
example, a significant difference in bed size betwBaltimore and Salisbury suggested
that it may be a potential confounder; therefamelusion as a covariate as a control for
the regressions.

An initial analysis using a Chi-Square Test comgdhe binary competition
variable with mortality. Binary logistic regressowith controls were conducted to
examine the association between hospital systenpetition and inpatient mortality for

emergency care sensitive conditions. The analyses eonducted at the HRR level for
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the five conditions. The main predictor in thisdstwas the binary regional competition
variable, as defined by the 2012 Maryland SID dihel Dartmouth Atlas of Healthcare.
For these models, the use of the binary competitamiable is framed that the
high level of competition is the control and thevlevel of competition is the reference
group. The stepwise regression models includedr@iea for case-mix, severity, and
hospital quality adjustments. The use of covariateenuates biasness from potential
confounders, and allows a better understandingeétfect of solely competition on
inpatient mortality. In the stepwise regressiohs, ¢dovariates are added by groups
relating to patient demographics, severity of diegeand hospital characteristics to study
the effect of different sets of controls on inpatimortality. The use of stepwise
regressions provided insight on the interactiorte/ben the patient- and hospital-level
covariate domains, regional competition, and mibytal'able 2.1 outlines the specific

covariates included in each model.

Model Covariates Included

Basic Competition binary

Demographics Age, age squared, gender binary| fzioiry

Comorbidity Elixhauser and Charlson Comorbidityidmed
Demographics+ Demographics, payer binary, urbammne quartile binary
Demographics+, Comorbidity Demographics+, comothidi

Facility Bed size, teaching status

Facility+ Hospital fixed effects

Demographics+. Comorbidity, Facility = Demographicsgmorbidity, facility

The stepwise regression included seven modelsc,lsnographics,
comorbidity, demographics +, facility, facility nd demographics + comorbidity and
facility. These different models included varyirtgacacteristics that may confound the
outcome. The basic model regression only includedinary competition variable. For

demographics, the model includes the binary coripetvariable and age, age squared,
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gender binary variable, and racial binary varialalegovariates. The comorbidity model
includes the binary competition variable and Elux$er and Charlson Comorbidity
Indices as covariates. The demographics+ modal$upon the original demographics
step, and adds payer, urban, and income quanigrypvariables. Furthermore, the
demographics+, comorbidity model combines the dates in those two models. The
facility model focuses on hospital characteristing includes the binary competition
variable with the bed size and teaching statub®hbspital. Finally, the demographics+,
comorbidity, facility model integrates the covagisin those three models together, to
provide a summation of all listed covariates.

The facility+ model used hospital fixed effectsctmtrol for unobservable
characteristics at the hospital level. The hosfiitald effects model created a binary
variable for each hospital. However, this may Iieesresults because it essentially
controls for hospital quality, which may be relatedhe mortality outcome.

3.11 Instrumental Analysis of Hospital System Affilation

This study serves as a natural experiment, in wthiefMaryland All-Payer
Model’'s regulated payment system have created amoaaic environment somewhat
akin to a randomized experiment (Angrist & Krued®01). Through the state’s uniform
rate-setting policy, the independent variable ahpetition is essentially configured to be
volume-based, rather than price or quality-drivEms study exploits the state of
Maryland’s payment system to identify empiricaliygtimpact of uniform-rate setting and
hospital competition on inpatient mortality for dapned, critical illness.

In the state of Maryland, the All-Payer Model setsform rates for hospitals;
therefore, competitive mechanisms in the stategdtheare market are different than

markets in other states. With hospital paymentgsritxed, this creates a level paying
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plane where hospitals cannot compete based on pgca result, quantity is the only
factor that fluctuates for hospitals, creating aminment of primarily volume-based
competition. The process of determining hospitahgetition is affected by the uniform
payment system and correlated with the study’sang&of inpatient mortality.

The possibility of inconsistent parameter estinragaists due to a possible
endogenous regressor. An inconsistent estimatdupeal by the stepwise regressions,
may only measure the magnitude of the associatabiner than the association’s
magnitude in conjunction with the direction of tteusation (Cameron, 2013). For
example, an odds ratio point estimate may reveardficant association between
contrasting regional levels of competition and ralist, but not necessarily in the correct
direction. As a result, statistical effectivenessisplaced and the results generated are
inconsistent (Bowden & Turkington, 1990).

By using instrumental variables analysis, the maittable logistic regressions
can show more consistent parameter estimationgel@ome measurement errors in the
explanatory variable (Angrist & Krueger, 2001) aubsequently determine the true
value of the parameter. An understanding of hospaimpetition activity supports the
premise of competition as an endogenous variabtempetition acts as the main
explanatory variable but is jointly determined hg study’s dependent variable
(Verbeek, 2008) of mortality, reinforcing the ndeddentify a logical instrumental
variable and re-estimate the models accountinghisrpreviously unaccounted for
variable. Hospital system affiliation is largelyroelated with hospital competition;
larger, consolidated systems create asymmetry rkghahares, and subsequently reduce

the level of competition in the HRR. With this ithgtional knowledge, the variable of
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hospital system affiliation was included as an &ddal covariate to indicate facilities
belonging to a hospital system. As an instrumevdahble, this new variable of hospital
system affiliation should be correlated with thelegenous variable of competition, and
potentially correlated with the study’s outcomeiahle, but only through the endogenous
competition variable.

3.12 Two-Stage Least Squares Estimation

To test the endogeneity of this relationship betwaspital system affiliation,
hospital system competition, and inpatient mogtaltStage Least Squares Estimation
and the Durbin-Wu-Hausman Test were used. For{B@age Least Squares Estimation
(2SLS), the One-Stage Least Square (OLS) estimagesfirst produced for a condition
of interest, then the Two-Stage Least Squares (28&iBnates were subsequently
calculated as well. The Durbin-Wu-Hausman Testristrumental Endogeneity was
used to validate the use of instrumental variabledysis. The 2SLS estimate uses
instruments to control for possible endogeneitthefregressor, and if endogenous, then
the OLS estimates will be inconsistent with the 33&sults, so the two estimates will be
different.

3.13 Hausman Test of Endogeneity

The Durbin-Wu-Hausman Test for instrumental endeggmwas used to test the
potentially endogenous variable of hospital contjeti Because the dataset only
contains observations from the 2012 year, panel aaalysis for testing endogeneity
cannot be used, as it is created to model parasneter time. For subsequent analyses
with multiple years of SID data, the panel data el@halyses will be a better fit.

The original Hausman Endogeneity Test equation $H&un, 1978) is:
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H = (Bas15s — Bors)' [Vasis — Vors) ™ (Basts — Bows) i)(zrank(V)

However, this study only focuses on one potentisirumental variable, hospital
system affiliation, rendering the first derivatiokthe coefficients unnecessary.
Therefore, the Durban-Wu-Hausman test equatiomplgied for this study’s purposes.
Fortunately, the Hausman test is particularly ¢éassalculate by hand because there is
only one component of the parameter tested, oppostbeé use of multiple instrumental
variables (Cameron & Trivedi, 2006). As a resule Hausman Test equation is:

_(0-0y
IGEDE

H

The OLS estimates, representeddtgnds and the 2SLS regression estimates,
ands, for the systems’ coefficients for the differeoinditions can be used in this
eqguation to calculate the Hausman Test Statistidest for endogeneity, after
completing a 2SLS estimation.

Instrumental variable analysis was used to spetifiaddress potential bias due
to hospital system affiliation, which could not d@ntrolled with the existing hospital
characteristic control variables. Instrumental aiales can be used to identify a causal
effect of a treatment on outcomes, but requiresmistnument that correlates with the
independent variable of interest, hospital systempetition in the HRR, but does not
directly affect the outcome of mortality, exceptaingh its influence on the likelihood of
hospital system affiliation. In essence, an inseatal variable is correlated to the

endogenous main independent variable, hospital etitigqn, but uncorrelated with the

dependent variable. For this study, the instrumesataable of hospital system affiliation
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and competition are correlated, therefore impaatiagtality of emergency care
conditions through the endogenous variable of cditiqe

Instrumental variables analysis is a quasi-expartaiéechnique that mimics
randomness, allowing more accurate results to baglated. Since instrumental
variable properties represent consistency and e¢geuee properties, this instrument was
applied to the stepwise binary logistic regressimnsaterest to yield more accurate

parameter estimates.

4: Results
4.1 Computation

All statistical analyses were performed using SAB(8AS Institute Inc., Cary,
NC). Two-tailed statistical significance level,was defined at 0.05.

4.2 Binary Competition Measure

Under the binary competition approach, the comipetindex becomes an
independent dummy variable to reflect the high lamdlevels of competition. With a
fixed reference group, a binary variable facilitatee interpretation of results by
comparing an HRR with high competition against &RHwith low competition. For the
purpose of this study, the Takoma Park and BaltnttiRRs were grouped together in
the low competition group. Takoma Park has an dMedidl of 0.253 for all inpatient
admissions, comparable to Baltimore’s HHI of 0. li&lcontrast to this, Salisbury’s HHI
is 0.753, reflecting a low competition market. Magious modified HHIs are shown in
Table 4.1. By analyzing the relative change in ddst, the binary competition variable
enabled interpretations in the scope of competigorl and greater or less likelihood of

mortality for the ECSC.
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Baltimore Salisbury Takoma Park

HHI for All Inpatient Admissions 0.181 0.753 0.253

HHI for All Inpatient Admissions, Originating fro&D 0.191 0.689 0.210

HHI for All Inpatient Admissions, Originating frofaD, with Sepsis 0.185 0.614 0.249
HHI for All Inpatient Admissions, Originating frof&aD, with Trauma 0.273 0.629 0.272
HHI for All Inpatient Admissions, Originating frollaD, with Acute 0.216 0.639 0.209

Ischemic Stroke

HHI for All Inpatient Admissions, Originating frofaD, with Cardiac 0.189 0.771 0.243

Arrest

HHI for All Inpatient Admissions, Originating frofaD, with STEMI 0.238 0.902 0.253

Table 4.1. Modified Competition Index Measures fothe HRRs by Condition.

4.3 Descriptive Statistics

Descriptive summary statistics for the variabled eovariates were examined for
the five emergency conditions. From 695,207 obsems, 70,677 cases were identified
within the study’s parameters of the disease canditof interest originating from the
emergency department. This study also excludedpispdes that had missing patient-
level information. Sepsis and trauma reported ikadht similar case volumes, with
26,291 and 28,216 cases respectively. On the btred, cardiac arrest and STEMI
experienced relatively similar, and lower, volunoé®,125 and 2,817 respectively. The
study’s analytical dataset also included 11,22@kstiobservations.

The study population’s descriptive statistics, tdfteal by condition and HRR, are

reported in Tables 4.2 to 4.6.
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Condition = Sepsis

Baltimore (N= 18,593)

Saltiary (N=1,439)

Takoma Park (N=6,259)

Mean Std Dev Pr> |t| Mean Std Dev Pr > |t N Std Dev Pr> |t
Died during hospitalization 0.12 0.33 <.0001| 0.13 0.33 <.000 0.12 0.32 0061
Age 63 19 <.0001 | 67 17 <.000 64 20 <.0001
Female 0.50 0.50 <.0001| 0.48 0.50 <0001 0.53 0.50 <.0001
Admission day is a weekend 0.26 0.44 <.0001| 0.28 0.45 <.0001 0.26 0.44 <.0001
Bed Size 366 214 <.0001| 271 130 <.000 289 126 <.0001
Competition Index for all inpatient 0.18 - <.0001| 0.75 - <.000 0.25 - <.0001
Competition Index for inpatient from ED 0.19 - <.0001| 0.70 - <.000 0.21 - <.0001
Competition Index for Sepsis 0.19 - <.0001| o0.61 - <.000 0.24 - <.0001
Elixhauser index 10.63 10.61 <.0001| 11.16 9.93 <.0001 9.27 .538 <.0001
Charlson index 7.79 9.66 <.0001| 7.69 8.44 <.0001 6.52 7.90 <.0001
White 0.60 0.49 <.0001| 0.74 0.44 <.0001 0.34 0.48 <.0001
Black 0.35 0.48 <.0001| 0.23 0.42 <.0001 0.50 0.50 <.0001
Hispanic 0.01 0.11 <.0001| 0.02 0.13 <.0001 0.09 0.29 <.0001
Asian 0.01 0.11 <.0001| 0.00 0.04 0.15 0.03 0.18 <.0001
Native American 0.00 0.04 <.0001| 0.00 0.03 0.3175 0.01 0.08 <.0001
Other 0.02 0.13 <.0001| 0.01 0.11 <.0001 0.03 0.17 <.0001
Medicare 0.60 0.49 <.0001| 0.68 0.47 <.0001 0.58 904 <.0001
Medicaid 0.16 0.37 <.0001| 0.07 0.26 <.0001 0.14 40.3 <.0001
Private 0.22 0.42 <.0001| 0.23 0.42 <.0001 0.27 40.4 <.0001
Other 0.02 0.14 <.0001| 0.01 0.09 0.0003 0.01 101 <.0001
Urban 0.97 0.16 <.0001| 0.54 0.50 <.0001 1.00 70.0 <.0001
Rural 0.03 0.16 <.0001| 0.46 0.50 <.0001 0.00 70.0 <.0001
Income percentile 0-25 0.18 0.39 <.0001| 0.15 0.36 <.0001 0.03 70.1 <.0001
Income percentile 26-50 0.15 0.36 <.0001| 0.53 0.50 <.0001 0.02 40.1 <.0001
Income percentile 51-75 0.26 0.44 <.0001| 0.28 0.45 <.0001 0.33 70.4 <.0001
Income percentile 76-100 0.40 0.49 <.0001| 0.03 0.18 <.0001 0.62 90.4 <.0001
Hospital System 0.90 0.29 <.0001 - - - 0.84 0.36 <.0001
Teaching hospital 0.84 0.37 <.0001 - - - 0.73 0.44 <.0001

Table 4.2 Descriptive statistics for Sepsis.
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Condition = Trauma

Baltimore (N= 22,446)

Salisury (N=1,527)

Takoma Park (N=4,234)

Mean Std Dev Pr>|t| Mean StdDev  Pr>|t Ve Std Dev Pr> |t
Died during hospitalization 0.03 0.17 <.0001| 0.02 0.15 <.0001 0.02 0.15 <.0001
Age 57 25 <.0001| 66 21 <.0001 60 24 <.0001
Female 0.46 0.50 <.0001| 0.54 0.50 <.0001 0.49 0.50 <.0001
Admission day is a weekend 0.30 0.46 <.0001| 0.28 0.45 <.0001 0.29 0.45 <.0001
Sepsis 0.04 0.20 <.0001] 0.07 0.25 <.0001 0.07 0.26 <.0001
Trauma 1.00 0.00 . 1.00 0.00 . 1.00 0.00 .
Stroke 0.03 0.17 <.0001| 0.06 0.24 <.0001 0.03 0.16 <.0001
Cardiac Arrest 0.01 0.10 <.0001| o0.01 0.12 <.0001 0.01 0.09 <.0001
STEMI 0.00 0.06 <.0001| o0.01 0.08 0.00 0.00 0.06 0.00
Bed Size 480 240 <.0001| 275 127 <.0001 268 99 <.0001
Competition Index for all inpatient 0.18 0.00 <.0001] 0.75 0.00 <.0001 0.25 0.00 <.0001
Competition Index for inpatient from ED 0.19 0.00 <.0001] 0.70 0.00 <.0001 0.21 0.00 <.0001
Competition Index for Trauma 0.27 0.00 <.0001| 0.63 0.00 <.0001 0.27 0.00 <.0001
Elixhauser index 5.36 7.93 <.0001 6.77 7.90 <.0001 5.30 6.62 <.0001
Charlson index 3.34 6.50 <.0001| 4.35 6.69 <.0001 3.29 6.09 <.0001
White 0.66 0.47 <.0001| 0.83 0.38 <.0001 0.46 0.50 <.0001
Black 0.29 0.45 <.0001| 0.12 0.33 <.0001 0.41 0.49 <.0001
Hispanic 0.03 0.16 <.0001| 0.03 0.17 <.0001 0.08 0.27 <.0001
Asian 0.01 0.09 <.0001| 0.00 0.04 0.08 0.02 0.15 <.0001
Native American 0.00 0.05 <.0001| 0.00 0.03 0.32 0.00 0.06 0.00
Other 0.02 0.14 <.0001| 0.02 0.13 <.0001 0.02 0.15 <.0001
Medicare 0.45 0.50 <.0001| 0.60 0.49 <.0001 0.48 0.50 <.0001
Medicaid 0.17 0.37 <.0001| 0.06 0.25 <.0001 0.14 0.35 <.0001
Private 0.33 0.47 <.0001| 0.31 0.46 <.0001 0.36 0.48 <.0001
Other 0.05 0.22 <.0001| 0.02 0.15 <.0001 0.02 0.13 <.0001
Urban 0.95 0.22 <.0001| 0.53 0.50 <.0001 0.98 0.13 <.0001
Rural 0.05 0.22 <.0001| 0.47 0.50 <.0001 0.02 0.13 <.0001
Income percentile 0-25 0.18 0.38 <.0001| 0.17 0.38 <.0001 0.04 0.20 <.0001
Income percentile 26-50 0.15 0.35 <.0001| 0.45 0.50 <.0001 0.02 0.15 <.0001
Income percentile 51-75 0.26 0.44 <.0001] 0.30 0.46 <.0001 0.32 0.47 <.0001
Income percentile 76-100 0.41 0.49 <.0001| 0.08 0.27 <.0001 0.62 0.49 <.0001
Hospital System 0.92 0.25 <.0001| 0.00 0.00 0.89 0.30 <.0001
Teaching hospital 0.92 0.28 <.0001| 0.00 0.00 0.86 0.35 <.0001

Table 4.3 Descriptive Statistics for Trauma

56




Condition = Stroke Baltimore (N=8,569) Salisbury (N=961) Takoma Park (N=1,698)
Mean StdDev  Pr>|t|| Mean StdDev Pr>|t] Mm Std Dev Pr> |t

Died during hospitalization 0.04 0.20 <.0001 0.04 0.18 <.0001 0.04 0.21 <.0001
Age 71 15 <.0001 73 13 <.000p 72 14 <.0001
Female 0.53 0.50 <.000} 0.51 0.50 <.0001 0.57 0.49 <.0001
Admission day is a weekend 0.25 0.43 <.0001 0.25 0.43 <.0001 0.26 0.44 <.0001
Bed Size 361 201 <.0001] 279 125 <.0001 270 112 <.0001
Competition Index for all inpatient 0.18 - <.0001] 0.75 - <.0001 0.25 - <.0001
Competition Index for inpatient from ED | 0.19 - <.0001] 0.70 - <.0001 0.21 - -
Competition Index for Stroke 0.22 - <.0001 0.64 - <.0001 0.21 - -
Elixhauser index 7.77 7.81 <.0001 7.47 6.83 <.0001 7.22 6.65 <.0001
Charlson index 6.83 7.21 <.0001 6.63 6.80 <.0001 6.34 6.80 <.0001
White 0.63 0.48 <.0001 0.78 0.41 <.0001 0.37 0.48 <.0001
Black 0.33 0.47 <.000} 0.19 0.39 <.0001 0.51 0.50 <.0001
Hispanic 0.02 0.14 <.0001 0.02 0.14 <.0001 0.06 0.23 <.0001
Asian 0.01 0.09 <.0001 0.00 0.03 0.31y6 0.04 0.19 <.0001
Native American 0.00 0.04 0.0005 0.00 0.03 0.31y6 0.00 0.04 0.0833
Other 0.01 0.11 <.000} 0.01 0.09 0.0046 0.02 0.15 <.0001
Medicare 0.70 0.46 <.0001 0.76 0.43 <.0001 0.68 0.47 <.0001
Medicaid 0.09 0.29 <.000} 0.04 0.19 <.0001 0.09 0.28 <.0001
Private 0.19 0.40 <.000} 0.19 0.39 <.0001 0.23 0.42 <.0001
Other 0.02 0.13 <.0001 0.01 0.10 0.0015 0.00 0.07 0.0046
Urban 0.95 0.22 <.0001 0.53 0.50 <.0001 1.00 0.05 <.0001
Rural 0.05 0.22 <.000} 0.47 0.50 <.00p1 0.00 0.05 0.0253
Income percentile 0-25 0.16 0.37 <.0001 0.17 0.38 <.0001 0.02 0.13 <.0001
Income percentile 26-50 0.15 0.35 <.0001 0.48 0.50 <.0001 0.03 0.17 <.0001
Income percentile 51-75 0.29 0.45 <.0001 0.30 0.46 <.0001 0.35 0.48 <.0001
Income percentile 76-100 0.41 0.49 <.0001 0.04 0.20 <.0001 0.60 0.49 <.0001
Hospital System 0.91 0.27 <.0001 0.00 0.00 - 0.82 0.38 <.0001
Teaching hospital 0.88 0.32 <.0001 0.00 0.00 - 0.75 0.44 <.0001

Table 4.4 Descriptive Statistics for Acute Ischemi&troke.
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Condition = Cardiac Arrest Baltimore (N=1,174) Salisbury (N=166) Takoma Park (N=345)

Mean Std Dev Pr > |t| Mean Std Dev Pr > |t| N Std Dev Pr > |t|
Died during hospitalization 0.63 0.48 <.0001 0.57 0.50 <.0001 0.61 0.49 <.0001
Age 63 19 <.0001] 64 17 <.0001 68 16 <.0001
Female 0.44 0.50 <.0001 0.41 0.49 <.0001 0.46 0.50 <.0001
Admission day is a weekend 0.26 0.44 <.0001 0.31 0.47 <.0001 0.27 0.44 <.0001
Bed Size 401 224 <.0001 308 101 <.0001 288 108 <.0001
Competition Index for all inpatient 0.18 - .| 0.75 - 1 0.25 - -
Competition Index for inpatient from ED | 0.19 - <.0001] 0.70 - - 0.21 - -
Competition Index for Cardiac Arrest 0.19 - <.0001] 0.77 - - 0.24 - -
Elixhauser index 8.38 8.96 <.0001 9.34 9.24 <.0001 8.38 6.88 <.0001
Charlson index 6.51 8.59 <.0001 6.93 8.91 <.0001 6.96 8.00 <.0001
White 0.54 0.50 <.0001 0.67 0.47 <.0001 0.26 0.44 <.0001
Black 0.42 0.49 <.0001 0.28 0.45 <.0001 0.62 0.49 <.0001
Hispanic 0.01 0.09 0.0 0.02 0.13 0.08 0.06 0.24 <.0001
Asian 0.01 0.09 0.0g 0.01 0.08 0.32 0.03 0.18 0.00
Native American 0.00 0.04 0.1 0.00 0.00 . 0.01 0.08 0.16
Other 0.02 0.14 <.0001 0.02 0.13 0.08 0.03 0.16 0.00
Medicare 0.57 0.49 <.0001 0.63 0.49 <.0001 0.62 0.49 <.0001
Medicaid 0.18 0.38 <.0001 0.07 0.25 0.00 0.11 0.31 <.0001
Private 0.23 0.42 <.0001 0.29 0.45 <.0001 0.27 0.44 <.0001
Other 0.01 0.12 <.0001 0.02 0.13 0.08 0.00 0.00 -
Urban 0.97 0.16 <.0001 0.53 0.50 <.0001 0.99 0.08 <.0001
Rural 0.03 0.16 <.0001 0.47 0.50 <.00p1 0.01 0.08 0.16
Income percentile 0-25 0.24 0.43 <.0001 0.16 0.36 <.0001 0.04 0.19 0.00
Income percentile 26-50 0.16 0.36 <.0001 0.49 0.50 <.0001 0.03 0.16 0.00
Income percentile 51-75 0.25 0.43 <.0001 0.29 0.45 <.0001 0.39 0.49 <.0001
Income percentile 76-100 0.35 0.48 <.0001 0.07 0.25 0.00 0.55 0.50 <.0001
Hospital System 0.91 0.27 <.0001 0.00 0.00 - 0.86 0.34 <.0001
Teaching hospital 0.86 0.35 <.0001 0.00 0.00 - 0.79 0.41 <.0001

Table 4.5 Descriptive statistics for Cardiac Arrest
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Baltimore (N = 2,173)

Salisbury (N = 247)

Takoma R& (N = 397)

Condition = STEMI Mean Std Dev Pr> |t Mean Std De Pr> |t Mean Std Dev Pr> |t

Died during hospitalization 0.12 0.32 <.000 0.13 0.34 <.0001 0.15 0.36 <.0001
Age 67 15 <.000 67 14 <.0001 67 15 <.0001
Female 0.41 0.49 <.000 0.38 0.49 <.0001 0.38 0.49 <.0001
Admission day is a weekend 0.27 0.44 <.000 0.30 0.46 <.0001 0.27 0.45 <.0001
Admission type 1.00 0.00 - 1.00 0.00 - 1.00 0.00 -
Bed Size 360 200 <.000 332 66 <.0001 302 109 <.0001
Competition Index for all inpatient 0.18 - <.0001 0.75 - - 0.25 0.00 -
Competition Index for inpatient from ED 0.19 - <.0001 0.70 - - 0.21 0.00 -
Competition Index for STEMI 0.24 - <.0001 0.90 - - 0.25 0.00 -
Elixhauser index 7.44 9.30 <.000 5.86 6.91 <.0001 6.41 7.61 <.0001
Charlson index 7.06 9.45 <.000 5.39 6.50 <.0001 5.76 7.13 <.0001
White 0.69 0.46 <.000 0.77 0.42 <.0001 0.39 0.49 <.0001
Black 0.26 0.44 <.000 0.16 0.37 <.0001 0.45 0.50 <.0001
Hispanic 0.01 0.12 <.000 0.03 0.17 0.01 0.09 0.29 <.0001
Asian 0.01 0.10 <.000 0.00 0.06 0.32 0.05 0.21 <.0001
Native American 0.00 0.06 0.0 0.00 0.00 - 0.02 0.12 0.01
Other 0.02 0.15 <.000 0.04 0.20 0.00 0.01 0.10 0.05
Medicare 0.55 0.50 <.000 0.56 0.50 <.0001 0.53 0.50 <.0001
Medicaid 0.10 0.30 <.000 0.04 0.21 0.00 0.08 0.26 <.0001
Private 0.33 0.47 <.000 0.38 0.49 <.0001 0.38 0.49 <.0001
Other 0.03 0.16 <.000 0.02 0.13 0.05 0.01 0.10 0.05
Urban 0.95 0.22 <.000 0.45 0.50 <.0001 0.99 0.07 <.0001
Rural 0.05 0.22 <.000 0.55 0.50 <.0001 0.01 0.07 0.16
Income percentile 0-25 0.14 0.34 <.000 0.18 0.38 <.0001 0.02 0.15 0.00
Income percentile 26-50 0.14 0.35 <.000 0.43 0.50 <.0001 0.02 0.14 0.00
Income percentile 51-75 0.28 0.45 <.000 0.31 0.46 <.0001 0.31 0.46 <.0001
Income percentile 76-100 0.44 0.50 <.000 0.09 0.28 <.0001 0.65 0.48 <.0001
Hospital System 0.91 0.27 <.000 0.00 0.00 - 0.86 0.34 <.0001
Teaching hospital 0.90 0.30 <.000 0.00 0.00 - 0.90 0.30 <.0001

Table 4.6 Descriptive statistics for STEMI.
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There are differences in mortality depending onciredition. Cardiac arrest has
the highest mortality with means of 0.63, 0.57, @r&ll for Baltimore, Salisbury and
Takoma Park respectively. Sepsis and STEMI havdasimortalities. For both
Baltimore and Salisbury, sepsis mortality meansv@et2 and STEMI mortality means
were 0.13. For Takoma Park, sepsis mortality wh2 Bnd STEMI was a bit higher, at
0.15. Trauma mortality was lowest in all three oagi, with means of 0.03, 0.02, and
0.02 for Baltimore, Salisbury, and Takoma Park eetipely. Mortality for acute
ischemic stroke was also relatively low, with tivei@ge of 0.04 for all three regions.

The average age for all of the conditions was @g/eld, with the lowest of 57
years old for trauma patients in Baltimore. Ovefadluma patients presented with the
lowest average age out of the conditions, rangiogn 57 years old in Baltimore to 66
years old in Salisbury. Stroke patients had théésgjaverage age, from 71 years old in
Baltimore, 73 in Salisbury, and 72 in Takoma Park.

Overall, the distribution of gender for all condiis and HRRs is relatively
uniform. The only exception is there are sligh#yer female STEMI cases in all HRRs,
with a mean of 0.41 for Baltimore and 0.03 for Saliry and Takoma Park, compared to
means of approximate 0.5 for the other conditions.

The study’s analytical dataset allowed comparisdgrene condition to another,
stratified by HRR. Cardiac arrest observationsudet sepsis and trauma diagnoses as
well. Diagnoses of both cardiac arrest and sepsre @veraged at 0.32, 0.3, and 0.49 for
Baltimore, Salisbury, and Takoma Park. Cases df batdiac arrest and trauma were

0.13 for Baltimore and Salisbury and 0.1 for Takdpaak.

60



The study populations for all conditions in Baltire@nd Salisbury are
predominately White, comprising of over 50% of tdase volume. The second largest
racial group for Baltimore and Salisbury is AfricAmerican. In contrast to this,
African-Americans make up the largest racial groupakoma Park, with Whites as the
second largest group.

The Baltimore and Takoma Park HRRs are comprisettafly all patients from
urban areas with means of 0.97 and higher, whemnggshalf of Salisbury patients are
from urban areas, with means around 0.53. Thesgitocpatterns are reflected in all five
of the conditions examined. Patients listing Mectkcas the primary payer comprise of a
large share of admissions for all conditions.

There was a large amount of variation in comorpidieasures among different
conditions, but not by HRR, with the exception @EBI. For all the conditions, the
Elixhauser Comorbidity Measure had higher means tha Charlson Comorbidity
Index. Sepsis had the highest means among thetmrg]iwith the regional means
ranging from 9.26 to 11.16 for the Elixhauser measund 6.52 to 7.79 for the Charlson
Index. Cardiac arrest also had high comorbidity mseavith regional means of 8.38 to
9.34 for the Elixhauser measure and 6.51 to 6.0 Charlson Index. The regional
means for acute ischemic stroke were between h@Z &7 for the Elixhauser measure
and 6.34 to 6.83 for the Charlson Index. Traumadhgtitly lower comorbidity means,
perhaps due to its truly unforeseen nature. Themagmeans for trauma were 5.3 to
6.77 for the Elixhauser measure and 3.29 to 4.Bh®Charlson Index. STEMI was the
only condition that presented slightly larger regibdifferences in the comorbidity

means. In Baltimore, the Elixhauser measure wa® ¢dmpared to 5.86 in Salisbury and
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6.41 in Takoma Park. For the Charlson Index meRaksiimore was 7.06, Salisbury was
5.39, and Takoma Park was 5.76.

In terms of hospital characteristics, Baltimoreteams the highest average bed
size, Salisbury and Takoma Park had lower, andainted size averages. However, the
majority of hospitals in Baltimore and Takoma Par& teaching hospitals and belong to
hospital systems, with means of ~0.91 for Baltimamnd ~0.8 for Takoma Park, whereas
none of the hospitals in Salisbury fit this crigesio the means are 0.

In summary, Baltimore is the largest HRR of theeéhrt has a higher number of
observations for all conditions; the most noticeabifference is in trauma, for which
Baltimore has 22,446 observations and Salisburyill&#%7. For all the conditions,
Takoma Park has the second most number of obsemgateaving Salisbury with the
fewest.

4.4 Two-Sample T-Tests

Two-sample t-tests were used to assess regionatiearin demographics and
hospital characteristics. Tables 4.7 — 4.11 outlmesignificant differences, if any, for
the covariates by condition among two HRRs at & tithe use of a two-sample t-test
models the differences between the Baltimore aridisery HRRs, Baltimore and
Takoma Park, and Salisbury and Takoma Park folisgpsuma, acute ischemic stroke,

cardiac arrest, and STEMI.
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Baltimore, Baltimore, Takoma Salisbury, Takoma
. ) Salisbury Park Park
Condition = Sepsis (N = 20,032) (N = 24,852) (N = 7,695)
t p t p p
Died during hospitalization -0.47 0.636| 0.4 0.692 -0.47 0.636
Age -8 <.0001| -2 0.041 -8 <.0001
Female -1.17 0.242| -4.64 <.000L 1.82 0.0695
Admission day is a weekend -1.17 0.242| -0.46 0.642 -1.17 0.242
Sepsis . . . .
Trauma -2.98 <.0001| 1.25 0.212 -2.98 0.002
Stroke -1.19 <.0001| 0.09 0.92p -1.19 0.232
Cardiac Arrest -1.39 0.163| 0.34 0.736 -1.39 0.163
STEMI 0.91 0.36| -0.05 0.9%5 0.91 0.364
Bed Size 25 <.0001| 34 <.0001 25 <.0001
Competition Index for all inpatient -Infty <.0001| -Infty <.0001| -Infty <.0001
Competition Index for inpatient from ED | -Infty <.0001| -Infty <.0001| -Infty <.0001
Competition Index for Sepsis -Infty <.0001| -Infty <.0001| -Infty <.0001
Elixhauser index -1.96 0.049| 10.21 <.000L -1.96 0.049
Charlson Index 0.42 0.677| 10.4 <.000L 0.42 0.677
White -11.57 <.0001] 37.22 <.0001 -11.57 <.0001
Black 11.02 <.0001] -19.91 <.0001 11.02 <.0001
Hispanic -1.04 0.299| -20.74 <.000L -1.04 0.299
Asian 7.84 <.0001| -9.31 <.000L 7.84 <.0001
Native American 1.35 0.176| -4.23 <.000L 1.35 0.176
Other 1.62 0.105| -5.46 <.000L 1.62 0.105
Medicare -6.93 <.0001| 1.99 0.046 -6.93 <.0001
Medicaid 11.76 <.0001] 4.91 <.000L 11.76 <.0001
Private -0.81 0.01| -7.15 <.0001 -0.8 0.425
Other 3.88 0.0001] 3.52 0.004 3.88 0.0001
Urban 32.67 <.0001] -15.23 <.0001 32.67 <.0001
Income percentile 0-25 281 0.005| 43 <.0001 2.81 0.005
Income percentile 26-50 -28.09 <.0001] 40.94 <.0001 -28.09 <.0001
Income percentile 51-75 -1.53 0.126| -9.63 <000l -15 0.134
Income percentile 76-100 61.06 <.0001 -30.7 <.000L 61.06 <.0001
Hospital System 409.83 <.0001 11.42 <.0001 310.12 <.0001
Teaching hospital 310.12 <.0001 16.79 <.0001 409.83 <.0001

Table 4.7. Two Sample T-Test for Sepsis.
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Baltimore, Baltimore, Takoma Salisbury, Takoma
. Salisbury Park Park
Condition = Trauma (N = 23,973) (N = 26,689) (N = 5,770)
t p t p t p
Died during hospitalization 1.7 0.089| 1.5 0.132 -0.6 0.545
Age -15 <.0001| -9 <.0001 8 <.0001
Female -6.06 <.0001| -4.04 <.0o0L 3.1 0.001
Admission day is a weekend 1.68 0.092| 0.66 0.508 -1.1 0.269
Sepsis -3.88 0.0001| -6.63 <.000L -0.25 0.803
Trauma . . Ao .
Stroke -4.55 <.0001| 1.51 0.131 4.92 <.0001
Cardiac Arrest -1.55 <.0001| 1.083 0.30L 1.91 0.056
STEMI -1.12 0.262| 0.37 0.714 1.21 0.227
Bed Size 56 <.0001| 96 <.0001 2 0.033
Competition Index for all inpatient -Infty <.0001| -Infty <.0001| -Infty <.0001
Competition Index for inpatient from ED | -Infty <.0001| -Infty <.0001| -Infty <.0001
Competition Index for Trauma -Infty <.0001| -Infty <.0001| -Infty <.0001
Elixhauser index -6.74 <.0001| 0.49 0.62l 6.5 <.0001
Charlson Index -5.86 <.0001| 0.48 0.631l 5.67 <.0001
White -16.88 <.0001] 23.51 <.00001 29.73 <.0001
Black 18.45 <.0001] -15.17 <.0001 -25.51 <.0001
Hispanic -1.18 0.236| -12.62 <.000L -8.02 <.0001
Asian 5.14 <.0001| -5.71 <.000L -7.93 <.0001
Native American 2.16 0.031| -1.15 0.251 -2.41 0.016
Other 1.32 0.186| -1.17 0.242 -1.86 0.06
Medicare -11.7 <.0001| -3.91 <.000L 8.02 <.0001
Medicaid 15.39 <.0001] 4.43 <.000L -9.42 <.0001
Private 1.67 0.095| -3.06 0.002 -3.22 0.001
Other 6.83 <.0001| 12.42 <.000L 0.87 0.383
Urban 32.85 <.0001] -13.72 <.0001 -35.25 <.0001
Income percentile 0-25 0.97 0.331| 35.32 <.000L 1291 <.0001
Income percentile 26-50 -23.72 <.0001] 38.22 <.0001 33.35 <.0001
Income percentile 51-75 -3.25 0.001| -7.53 <000l -1.37 0.171
Income percentile 76-100 44.68 <.0001 -25.3 <.000L -53.86 <.0001
Hospital System 543.32 <.0001] 6.64 <.0001 -191.48 <.0001
Teaching hospital 495.66 <.0001 10.26 <.0001 -160.18 <.0001

Table 4.8. Two Sample T-Test for Trauma.
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Baltimore, Baltimore, Takoma Salisbury, Takoma
. Salisbury Park Park
Condition = Stroke (N = 5,770) (N = 10,267) (N = 2,659)
t p t p t p
Died during hospitalization 13 0.213| -0.27 0.78Y -1.2 0.229
Age -3 0.001| -1 0.141 2 0.111
Female 1.29 0.908| -2.92 0.008 -3.02 0.002
Admission day is a weekend -0.05 0.956| -1.16 0.245 -0.71 0.476
Sepsis 1.27 0.202| -5.22 <.000L -4.93 <.0001
Trauma -1.26 0.207| 2.09 0.03y 2.37 <.0001
Stroke . - <.0001| . <.0001
Cardiac Arrest 0.03 0.98| -1.73 0.083 -1.29 0.198
STEMI -1.07 0.284| 0.1 0923 1 0.317
Bed Size 18 <.0001| 26 <.0001 2 0
Competition Index for all inpatient -Infty <.0001| -Infty <.0001| -Infty <.0001
Competition Index for inpatient from ED | -Infty <.0001| -Infty <.0001| -Infty <.0001
Competition Index for Stroke -Infty <.0001| -Infty <.0001| -Infty <.0001
Elixhauser index 1.29 0.196| 3.04 0.002 0.92 0
Charlson Index 0.88 0.378| 2.722.72 0.006 1.06 0.288
White -10.47 <.0001] 20.36 <.0001 23.14 <.0001
Black 10.24 <.0001] -13.77 <.0001 -18.29 <.0001
Hispanic -0.14 0.892| -6.59 <.000l -5.25 <.0001
Asian 4.87 <.0001| -6.38 <.000L -7.8 <.0001
Native American 0.32 0.747| -0.33 0.788 -0.5 0.618
Other 1.28 0.201| -2.77 0.005 -3.13 0.001
Medicare -4.41 <.0001| 1.3 0.194 451 <.0001
Medicaid 7.53 <.0001| 0.69 0.492 -5.12 <.0001
Private 0.42 0.676| -2.97 0.008 -2.37 0.017
Other 1.67 0.09| 54 <.0001 1.55 0.121
Urban 25.9 <.0001| -17.61 <.000L -29.04 <.0001
Income percentile 0-25 -0.91 0.365| 27.68 <.000L 12.18 <.0001
Income percentile 26-50 -20.2 <.0001| 20.59 <.000L 27.07 <.0001
Income percentile 51-75 -1.27 0.203| -5.36 <.000L -2.51 0.012
Income percentile 76-100 43.5 <.0001| -14.58 <.000L -41 <.0001
Hospital System 306.32 <.0001 9.51 <.0001 -89.11 <.0001
Teaching hospital 256.11 <.0001 12.49 <.0001 -70.52 <.0001

Table 4.9. Two Sample T-Test for Acute Ischemic Stike.
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Baltimore, Baltimore, Takoma Salisbury, Takoma
. . Salisbury Park Park
Condition = Cardiac Arrest (N = 1,780) (N = 1,959) (N = 511)
t p t p t p
Died during hospitalization 1.46 0.144| 0.59 0.556 -0.91 0.362
Age 0 0.69| -4 <.0001 -2 0.013
Female 0.76 0.445| -0.59 0.554 -1.03 0.303
Admission day is a weekend -1.37 0.172| -0.1 0917 11 0.273
Sepsis 0.5 0.614| -6.04 <.0001 -4.09 <.0001
Trauma 0.02 0.98| 1.91 0.056 1.1 0.272
Stroke -0.21 0.832| -1.53 0.126 -0.86 0.389
Cardiac Arrest . . O .
STEMI -2.23 0.027| 0.22 0.823 2.14 0.033
Bed Size 10 <.0001| 14 <.0001 2 0.047
Competition Index for all inpatient -Infty <.0001| -Infty <.0001| -Infty <.0001
Competition Index for inpatient from ED | -Infty <.0001| -Infty <.0001| -Infty <.0001
Competition Index for Cardiac Arrest -Infty <.0001| -Infty <.0001| -Infty <.0001
Elixhauser index -1.31 0.19] -0.01 0.994 1.18 0.237
Charlson Index -0.61 0.542| -0.9 0.371 -0.03 0.976
White -3.25 0.001| 10.85 <.000L 9.92 <.0001
Black 3.43 0.001| -6.75 <.000L -7.44 <.0001
Hispanic -1 0.316| -4.09 <.0001 -2.59 0.01
Asian 0.32 0.752| -2.64 0.00L -2.49 0.01
Native American 1.41 0.157| -1.09 0.276 -1.42 0.157
Other 0.15 0.876| -0.68 0.499 -0.6 0.552
Medicare -1.33 0.184| -1.73 0.083 -0.07 0.942
Medicaid 5.25 <.0001| 3.58 .0004 -1.71 0.088
Private -1.6 0.109| -1.31 0.191 0.53 0.594
Other -0.41 0.68| 4.72 <.0001 1.74 0.083
Urban 11.35 <.0001] -3.64 .000B -11.88 <.0001
Income percentile 0-25 2.83 0.005| 13.82 <.000L 3.95 <.0001
Income percentile 26-50 -8.26 <.0001| 10.55 <.000L 11.59 <.0001
Income percentile 51-75 -1.12 0.264| -4.85 <.000L -2.14 0.033
Income percentile 76-100 12.57 <.0001 -6.96 <.000L -11.65 <.0001
Hospital System 134.57 <.0001 2.76 <.0001L -46.7 <.0001
Teaching hospital 97.53 <.0001 2.81 <.000L -35.8 <.0001

Table 4.10. Two Sample T-Test for Cardiac Arrest
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Baltimore, Baltimore, Takoma Salisbury, Takoma
. Salisbury Park Park
Condition = STEMI (N = 2,420) (N = 2,570) (N = 644)
t p t p p
Died during hospitalization -0.47 0.635| -1.66 0.098 -0.76 0.447
Age 0 0.905| O 0843 O 0.971
Female 0.85 0.394| 1.12 0.264 0.04 0.964
Admission day is a weekend -1.08 0.28| -0.3 0.766 0.68 0.494
Sepsis 2.67 0.008| -3.58 .0004 -4.76 <.0001
Trauma 0.1 0.919| 0.24 0.811 0.08 0.938
Stroke -1.06 0.292| -0.22 0.829 0.77 0.439
Cardiac Arrest -1.82 0.07| -0.62 0.535 1.19 0.235
STEMI . N . .
Bed Size 5 <.0001| 8 <.0001 4 <.0001
Competition Index for all inpatient -Infty <.0001| -Infty <.0001| -Infty <.0001
Competition Index for inpatient from ED | -Infty <.0001| -Infty <.0001| -Infty <.0001
Competition Index for STEMI -Infty <.0001| -Infty <.0001| -Infty <.0001
Elixhauser index 3.27 0.001| 2.4 0.016 -0.92 0.358
Charlson Index 3.62 .0003| 3.16 0.00L -0.66 0.51
White -2.59 0.009| 11.93 <.000L 10.57 <.0001
Black 4.09 <.0001 -7.13 <.000L -8.58 <.0001
Hispanic -1.34 0.182| -5.25 <.000L -3.48 .0005
Asian 1.33 0.185| -3.45 .0006 -3.82 <.0001
Native American 2.65 0.008| -1.9 0.057 -2.47 0.014
Other -1.35 0.719| 2.17 0.03 2.25 0.025
Medicare -0.36 0.719| 0.47 0.64 0.61 0.541
Medicaid 3.63 .0003| 1.49 0.135 -1.66 0.097
Private -1.61 0.107| -1.93 0.054 0.01 0.99
Other 1.15 0.252| 2.66 0.008 0.65 0.519
Urban 15.49 <.0001] -7.61 <.000L -16.95 <.0001
Income percentile 0-25 -1.65 0.101| 10.82 <.000L 6.09 <.0001
Income percentile 26-50 -8.7 <.0001| 11.93 <.000L 12.54 <.0001
Income percentile 51-75 -0.97 0.333] -1.02 0.30y 0.12 0.906
Income percentile 76-100 17.08 <.0001 -7.83 <.000L -18.93 <.0001
Hospital System 154.15 <.0001 -1.13 0.261L -73.67 <.0001
Teaching hospital 138.16 <.0001 -0.24 0.811 -60.29 <.0001

. Table 4.11. Two Sample T-Test for STEMI.
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The t-tests showed no significant differences tordstion-specific mortality
among the HRRs. There are significant demograpferences among the HRRs for all
the conditions, especially for race, payer, andine quartile, indicating the need to
control for these variables in the multivariablgression analyses.

Approximations of underlying patient severity, asessed by the Elixhauser and
Charlson Comorbidity Indices, were not significgrdifferent among the HRRs, except
for the trauma condition between Salisbury and Tak®ark. The t-test results also
allow relative and conditional comparisons of onadition by another.

Hospital characteristics are significantly differ@mthe all of the HRR and
condition comparisons. The variables bed size hiegcstatus and hospital system
affiliation vary among the HRRs, framing the preenisr this study’s examination of
hospital competition and outcomes.

4.5 Competition and Mortality Regressions

4.51 Initial Analysis of Binary Competition Varigohnd Mortality

The Chi-Square test and multivariable binary lagistgression for the binary
competition variable, comparing the Salisbury HRRhe Baltimore and Takoma Park
HRRs, and condition-associated mortality were mgtiBcant, implying that the next
logical step would be to control for confoundersThble 4.12, the Chi-Square Test
results are outlined for the different conditioN®ne of the conditions showed a

significant relationship between the regional cotitipe and mortality.
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Condition x2 P

Sepsis 0.4380.803
Trauma 4.0130.134
Stroke 15 0.473
Cardiac Arrest 2.396 0.301
STEMI 3.201 0.201

Table 4.12. Chi-Square Test for HRR by Mortality.

For the basic logistic regression, the main indepetvariable was the binary
competition variable that compared the SalisburyRrRow level of competition, as the
treatment group, to the Baltimore and Takoma P&RBI high levels of competition, as
the reference group. This allowed for a regionahparison of varied levels of
competition. The basic logistic regressions, witremy controls, results for the different
conditions are modeled in Table 4.14 through odtie point estimates with a 95%
confidence interval and two-tailed statistical gigance levelga, at 0.05. For the sepsis
basic model, the odds ratio point estimate is 0&%¥for STEMI, the odds ratio point
estimate is 0.952. Because these odds ratio esSrmaa¢ below one, it indicates that there
is a lower odds of sepsis and STEMI mortality itiskauiry compared to Baltimore and
Takoma Park. However, the p-value for these regressvere >0.05, the relationship is
therefore not significant.

In contrast to this, the other conditions have pestimates higher than one,
suggesting that the odds of mortality for trauntate ischemic stroke, and cardiac arrest
are all higher in Salisbury than Baltimore and TralkdPark. However, the p-values for

these conditions’ basic regression models areGal5as well, indicating insignificant
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associations. The high p-values indicate that rudrilee basic, binary logistic

regressions’ results for the five conditions wagniicant.

Model OR 95% CI da p

Basic 0.957 0.815,1.12 0.631
Demographics 1.018 0.865, 1.1980 0.727
Comorbidity 0.929 0.791,1.0914 0.414
Demographics+ 1.311*1.081, 1.591 18 0.006
Demographics+, Comorbidity 1.251* 1.031, 1.5120 0.024
Facility 0.745** 0.619,0.897 4 0.001
Facility+ 0.911 0.636, 1.303 0.609

Demographics+, Comorbidity, Facility0.982 0.788, 1.22522 0.814

Note. *p<.05*p< 0.01. All models include low competition binaryriadble.

Basic — only low competition binary

Demographics includes: age, age squared, gendaybnacial binary

Comorbidity includes: Elixhauser Comorbidity, Clsa Comorbidity Index
Demographics+ includes: demographics, payer binabgn, income quartile binary
Demographics+, Comorbidity includes: demographicemorbidity

Facility includes: bed size, teaching status

Facility+ includes: hospital fixed effects

Demographics+, Comorbidity, Facility includes: deggraphics+, comorbidity, facility

Table 4.13. Results of Stepwise Regression Examigiiffects of Competition on
Sepsis Mortality, with Instrumental Variables Analysis for Hospital Competition.
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Model Sepsis Trauma Stroke Cardiac Arrest STEMI

Basic 0.957 1.284 1.241 1.264 0.952
Demographics 1.011 1425 1281 1.221 0.922
Comorbidity 0.929 1.273 1.24 1.214 0.953
Demographics+ 1.311**1.581* 1.603* 1.308 1.074
Demographics+, Comorbidity 1.242**1.535* 1.609* 1.227 1.108
Facility 0.737** 0.861 0.84 1.568* 1.424
Facility+ 0.911 0.834 1.172 2.051 0.321
Demographics+, Comorbidity, Facility0.974 0.985 1.073 1.578 1.85*

Note. *p<.05**p< 0.01. All models include low competition binary \addle.

Basic — only low competition binary

Demographics includes: age, age squared, gendatybiacial binary

Comorbidity includes: Elixhauser Comorbidity, Clsam Comorbidity Index
Demographics+ includes: demographics, payer binabgn, income quartile binary
Demographics+, Comorbidity includes: demographicemorbidity

Facility includes: bed size, teaching status

Facility+ includes: hospital fixed effects

Demographics+, Comorbidity, Facility includes: degraphics+, comorbidity, facility

Table 4.14 Results of Stepwise Regression Examinirigffects of Competition on
Mortality for All Conditions.
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The stepwise regressions showed significant reBulthie demographics+ and
demographics+, comorbidity model for sepsis, trauema stroke. Also, the significant
results for the sepsis and cardiac arrest faciibglel suggest that the association of
between hospital competition and mortality may ayyacility-level characteristics.

The odds of sepsis mortality were higher in a l@mpetition region than the
high competition regions for the demographics+11,3 = 0.006) and demographics+,
comorbidity models (1.251, p = 0.024). The sepatdify model showed the opposite
result (0.737, p = 0.001); the odds of sepsis rityia a low competition region are
lower than high competition regions. This is théyaregression that suggests that the
likelihood of mortality is lower in a low-competitn region.

Similar to the sepsis demographics+ model, theea(1.581, p = 0.021) and
acute ischemic stroke (1.585, p = 0.029) conditelmsy; an association of higher
mortality in the low competition region than higbnepetition regions. Likewise, the
demographics+, comorbidity model for sepsis (1.264,0.024), trauma (1.535, p =
0.031) and acute ischemic stroke (1.591, p = 0.8B8yved significantly likelihood of
mortality in the low competition region. These fésindicate that a HRR with lower
levels of competition have a higher likelihood obntality for these conditions, compared
to regions with high levels of competition.

While the sepsis facility model suggests that tlaeeslower odds of mortality in
the low competition region, the cardiac arrestliizamodel (1.578, p = 0.024) shows
otherwise and reiterates the other models’ sigaificesults. Besides the sepsis facility
model, the other significant multivariable regressi suggest that a region with lower

competition has higher odds of mortality than higimpetition regions.
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For the demographics+ and demographics+, comoymdaitdels, sepsis, trauma,
and acute ischemic stroke all had significant tsswlith point estimates higher than one.
Specifically, the point estimates for sepsis w&91.and 1.242. For trauma, the estimates
were 1.59 and 1.537 for the two models. The trademographics model was also
significant, with a point estimate of 1.425. Fougcischemic stroke, the point estimates
for the demographics+ and demographics+, comogbidddels were 1.603 and 1.609.
These odds ratio point estimates indicate thadttus of mortality are higher in a low
competition HRR than a high competition HRR. Whtdy some of the results indicated
significant associations, the initial results frtéme multivariable binary logistic
regressions suggest that higher competition maytresbetter outcomes, when
controlling for confounding factors.

The final stepwise regression model included athdgraphics, comorbidity, and
hospital characteristics as covariates, with timatyi competition variable as the main
independent variable and mortality as the dependmrdble. There is a significantly
higher likelihood of STEMI mortality (1.894, p =(@7) in the low competition region
than high competition region. Mortality did not yasignificantly for sepsis, trauma,
acute ischemic stroke, and cardiac arrest (p >0®®8n considering all patient- and
hospital-level covariates.

4.6 Two Stage Least Squares Estimation

The 2SLS estimation was conducted for all of thedetions of interest, but only
sepsis and trauma showed significant associatidrese conditions had significant, and
reversed, results upon initially adding the hosgiyatem affiliation covariate in the
multivariable logistic regression. The OLS and 23€&8ults for sepsis are highlighted in

Table 22 and for trauma in Table 23. For sepses(hS F-value was 111,143.6, an
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extremely high value, already indicating that twe estimates may not be comparable. A
large F-statistic indicates that OLS is inconsistand that the variable may be
endogenous. The intercept parameter was 0.336avtralue of 115.37, significant with
a p-value of <.0001. The system binary parametsr-@836, with a t-value of -105.56,
significant with a p-value of <.0001. For the 2SH% F-value was 23.75, which is still
higher than the proposed 10 to indicate the usestfumental variable analysis. The
intercept parameter estimate was 0.125, with duevaf 57, and significant with a p-
value of <.0001. For the competition binary varglthe parameter estimate was -0.079,
with a t-value of -4.87, and significant with a phve of <.0001. The differences in
parameter estimates indicates that the two estimatiodels produce different results,
indicating the need to test exogeneity.

4.6.1 Hausman Test of Endogeneity

The OLS and 2SLS parameter estimates are inputtdaki Hausman Test

equation:

For sepsis, the Hausman Test Statistic was 92 d éoartrauma, the Hausman
Test Statistic was 105.06. These are extraordynaigh values, leading to rejection of
the null hypothesis that there is no differenceveen the two variables. This indicates
that competition is endogenous, supporting theofislee instrumental variable analysis,
treating competition as endogenous.

4.7 Binary Logistic Regressions with Instrumental \riable Method

The results of the binary logistic regressions wigtrumental variable analysis

for the different emergency care outcomes are bleT4.15. The instrumental variables
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analysis for hospital system affiliation switchée todds ratio estimate, where higher
hospital system competition in the HRR is assodiatih increased odds of mortality for

sepsis and trauma.

Model OR 95% ClI da p

Basic 0.65** 0.53,0.797 2 <.0001
Demographics 0.683** 0.556, 0.84 10 .0003
Comorbidity 0.624** 0.509, 0.766 4 <.0001
Demographics+ 0.902 0.713, 1.1428 0.392
Demographics+, Comorbidity 0.855 0.675, 1.02D 0.194
Facility 0.615** 0.499,0.758 4 <.0001

Demographics+, Comorbidity, Facility 0.811 0.63M3b 22 0.092
Demographics+, Comorbidity, Facilityt0.745** 0.6, 0.926 20 0.007

Note. *p<.05**p< 0.01. All models include low competition binary \addle.

Basic — only low competition binary

Demographics includes: age, age squared, gendatybiacial binary

Comorbidity includes: Elixhauser Comorbidity, Clsam Comorbidity Index
Demographics+ includes: demographics, payer binabgn, income quartile binary
Demographics+, Comorbidity includes: demographicemorbidity

Facility includes: bed size, teaching status

Facility+ includes: hospital fixed effects

Demographics+, Comorbidity, Facility includes: degraphics+, comorbidity, facility

Table 4.15. Results of Stepwise Regression Examigiiffects of Competition on
Sepsis Mortality, with Instrumental Variables Analysis for Hospital Competition.
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Sepsis OR ORS

Basic 0.957 0.65**
Demographics 1.018 0.683**
Comorbidity 0.929 0.624**
Demographics+ 1.311* 0.902
Demographics+, Comorbidity 1.251* 0.855
Facility 0.745** 0.615**
Facility+ 0.911 0.811

Demographics+, Comorbidity, Facility0.982 0.745**

Note. § - with hospital system binary var., p<.05, **p<.01

Basic — only low competition binary

Demographics includes: age, age squared, gendatybnacial binary

Comorbidity includes: Elixhauser Comorbidity, Clsa Comorbidity Index
Demographics+ includes: demographics, payer binabgn, income quartile binary
Demographics+, Comorbidity includes: demographicemorbidity

Facility includes: bed size, teaching status

Facility+ includes: hospital fixed effects

Demographics+, Comorbidity, Facility includes: degraphics+, comorbidity, facility

Table 4.16. Results of Stepwise Regression ExamigirEffects of Competition on
Sepsis Mortality, with Instrumental Variables Analysis for Hospital System
Affiliation .
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Trauma OR ORS§

Basic 1.284 0.566*
Demographics 1.425*0.533*
Comorbidity 1.273 0.566*
Demographics+ 1.59* 0.593
Demographics+, Comorbidity 1.537%0.588
Facility 0.861 0.539*
Facility+ 0.834 0.834

Demographics+, Comorbidity, Facility0.985  0.549*

Note. § - with hospital system binary var., p<.05, **p<.01

Basic — only low competition binary

Demographics includes: age, age squared, gendatybnacial binary

Comorbidity includes: Elixhauser Comorbidity, Clsar Comorbidity Index
Demographics+ includes: demographics, payer binabgn, income quartile binary
Demographics+, Comorbidity includes: demographicemorbidity

Facility includes: bed size, teaching status

Facility+ includes: hospital fixed effects

Demographics+, Comorbidity, Facility includes: degraphics+, comorbidity, facility

Table 4.17. Results of Stepwise Regression Examigiiffects of Competition on
Trauma Mortality, with Instrumental Variables Analy sis for Hospital System
Affiliation.
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Stroke OR ORS§

Basic 1.241 0.632
Demographics 1.281 0.618
Comorbidity 1.24 0.628
Demographics+ 1.603*0.754
Demographics+t 1.609*0.754
Demographics+, Comorbidity0.84 0.572
Facility 1172 1.172
Facility+ 1.073 0.668

Note. 8§ - with hospital system binary var., p<.05, **p<.01

Basic — only low competition binary

Demographics includes: age, age squared, gendaybnacial binary

Comorbidity includes: Elixhauser Comorbidity, Clsa Comorbidity Index
Demographics+ includes: demographics, payer binabgn, income quartile binary
Demographics+, Comorbidity includes: demographicemorbidity

Facility includes: bed size, teaching status

Facility+ includes: hospital fixed effects

Demographics+, Comorbidity, Facility includes: degraphics+, comorbidity, facility

Table 4.18. Results of Stepwise Regression Examigiiffects of Competition on
Acute Ischemic Stroke Mortality, with Instrumental Variables Analysis for Hospital
System Affiliation.
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Cardiac Arrest OR ORS8

Basic 1.264 1.376
Demographics 1.221 1.301
Comorbidity 1.214 1.359
Demographics+ 1.308 1.473
Demographics+t 1.227 1.434
Demographics+, Comorbidityl.568* 1.57
Facility 2.051 2.051
Facility+ 1.578 1.618

Note. 8§ - with hospital system binary var., p<.05, **p<.01

Basic — only low competition binary

Demographics includes: age, age squared, gendaybnacial binary

Comorbidity includes: Elixhauser Comorbidity, Clsa Comorbidity Index
Demographics+ includes: demographics, payer binabgn, income quartile binary
Demographics+, Comorbidity includes: demographicemorbidity

Facility includes: bed size, teaching status

Facility+ includes: hospital fixed effects

Demographics+, Comorbidity, Facility includes: degraphics+, comorbidity, facility

Table 4.19. Results of Stepwise Regression Examigiiffects of Competition on
Cardiac Arrest Mortality, with Instrumental Variabl es Analysis for Hospital System
Affiliation.
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STEMI OR ORS

Basic 0.952 0.831
Demographics 0.9220.754
Comorbidity 0.953 0.826
Demographics+ 1.0740.902
Demographics+t 1.1080.921
Demographics+, Comorbidityl.424 1.004
Facility 0.321 0.321
Facility+ 1.85* 1.262

Note. 8§ - with hospital system binary var., p<.05, **p<.01

Basic — only low competition binary

Demographics includes: age, age squared, gendaybnacial binary

Comorbidity includes: Elixhauser Comorbidity, Clsa Comorbidity Index
Demographics+ includes: demographics, payer binabgn, income quartile binary
Demographics+, Comorbidity includes: demographicemorbidity

Facility includes: bed size, teaching status

Facility+ includes: hospital fixed effects

Demographics+, Comorbidity, Facility includes: degraphics+, comorbidity, facility

Table 4.20. Results of Stepwise Regression Examigiiffects of Competition on
STEMI Mortality, with Instrumental Variables Analys is for Hospital System
Affiliation

Sepsis Trauma
p OR 95% ClI p OR 95% ClI
0.0003 0.776 0.676,0.890 0.0002 0.523 0.373,0.733

Table 4.21. Results of Binary Logistic Regressiondamining Effects of Competition
on Sepsis and Trauma Mortality, with Instrumental Variables Analysis for Hospital
System Affiliation, exclusion of Competition BinaryVariable.

Note. Uses Demographics+, Comorbidity, Facility Modellundes: age, age squared,
gender binary, racial binary, payer binary, urbancome quatrtile binary, Elixhauser
Comorbidity, Charlson Comorbidity Index, bed sieaching status, and hospital system
affiliation as an instrumental variable.
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Sepsis One-Stage Least Square

Variable Parameter Estimaté&tandard Error t p
Intercept 0.0994 0.004 19.86  <.0001
System  0.0266 0.005 -105.56:.0001

Note. F-statistic = 11,143.6

Sepsis Two-Stage Least Square

Variable Parameter Estimaté&tandard Error t p
Intercept 0.125 0.002 57 <.0001
System  -0.079 0.016 -4.8%.0001

Note. F-statistic = 23.75
Hausman Test Statistic = 92.16 for sepsis

Table 4.23. Results of the Two-Stage Least Squarstinations for Sepsis.

Trauma One-Stage Least Square

Variable Parameter Estimaté&tandard Error t p
Intercept 0.016 0.002 5.98<.0001
System  0.012 0.002 4.28.0001

Note. F-statistic = 18.31

Trauma Two-Stage Least Square

Variable Parameter Estimaté&tandard Error t p
Intercept 0.028 0.001 27.79<.0001
System  -0.029 0.006 -4.28 <.0001

Note. F-statistic = 105.06
Hausman Test Statistic = 105.06 for trauma

Table 4.24. Results of the Two-Stage Least Squaratinations for Trauma.

81



The instrumental variables analysis reversed tlgenal stepwise regression
estimates, and became significant, for sepsisrahia in the basic, demographics,
comorbidity, facility, ‘demographics+, comorbiditgnd facility’ models. The estimate
for the original sepsis facility model (0.737, ©:801) was the only regression that
showed a lower odds of mortality in a low competitregion. The same model, with
inclusion of the instrumental variable, amplifiegstassociation with an even lower point
estimate of 0.615 (p <.0001).

For sepsis, the ‘demographics+, comorbidity, facilinodel with all covariates
became significant as well (0.745, p = 0.007), shgva significantly lower odds of
sepsis mortality in a low competition region, comgghto a high competition region
when controlling for all patient- and hospital-caases. The average estimates for sepsis
in the basic, demographics, comorbidity, and demglgics+ model was 0.643 (p
<.0001). The odds of mortality is on average, 3T @at less in a low competition region
compared to a region with high competition.

For trauma, the inclusion of instrumental variadmalysis showed significant,
and reversed, estimates for the same significantets@s sepsis. The original estimate
for the basic model switched from 1.284 to 0.566 (p033). This switch in estimate
direction also occurs for the demographics (0.$533,0.019) and comorbidity model
(0.566, p = 0.033) — justifying the need for ingtental variable analysis to produce
more consistent and accurate parameter estimdtesstimates for the facility and
‘demographics+, comorbidity, facility’ models becaignificant with instrumental
variables analysis, with estimates of 0.539 (pG20) and 0.549 (p = 0.047),

respectively. Because the point estimates are betmythis suggests that the odds of
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trauma mortality is almost half as less likely ilo&v competition region than a high
competition region.

The demographics+ and demographics+, comorbidityetsdfor sepsis and
trauma became insignificant with the instrumentaiables analysis. Inpatient mortality
for acute ischemic stroke, cardiac arrest, and SIT&Mwed no significant changes after
inclusion of the instrumental variable.

Upon removing the competition variable from thendgraphics+, comorbidity
and facility model, the sepsis and trauma modele wrgnificant below <.01. In a low
competition region, sepsis mortality is 32 perdenter (0.776, p = 0.0003) than a high
competition region. The trauma condition heightéms protective effect of a low
competition region — mortality in a low competiticggion is 0.53 less likely than a high
competition region. In essence, the odds of tranmodality is nearly cut in half in a low
competition region.

4.8 Conclusion

While initial results suggest that an HRR with highels of hospital competition
improves outcomes for emergency conditions, thesmisése regressions did not consider
the potential endogeneity of competition, possgigwing the results. The stepwise
regressions results without the instrumental végiaiethod support previous studies’
findings of competition improving outcomes. For sigptrauma, acute ischemic stroke,
cardiac arrest, and STEMI, the odds of mortalityengreater in a low competition region
compared to a high competition region. This suggsit competition can improve
quality, delivery of care, and thus, patient outesm

In the 2SLS estimations, competition was consideratbgenous and the

instrumental variable of hospital system affili@iwas included. The direction reversal in
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estimates for sepsis and trauma suggest that tteeajdnortality are lower in a region
with low competition compared to a region with highmpetition.

The use of instrumental variable analysis was aédid through the 2SLS
estimation, yielding significantly different estitea from the OLS and the IV, and the
Hausman Test for endogeneity. The instrumentabbéiresults suggest that hospital
system affiliation is highly correlated with compiein, and potentially improved
outcomes but only through the competition. Upoattrgy competition as an endogenous
variable, the subsequent multivariable regressiensal a positive relationship between

competition and mortality for sepsis (0.776, p 6003) and trauma (0.523, p = 0.0002).

5: Discussion
This study’s findings suggest variability in ingatt hospital mortality for

emergency care conditions and contrasting levetegibnal competition. This study
estimated the relationship between competitioneandrgency outcomes, by accounting
for the presence of hospital systems in a regiuitial results using stepwise regression
models, accounting for common patient- and hospi&hriates, were comparable to the
findings from previous studies examining competitamd patient outcomes (Gaynor &
Town, 2012; Kessler & McClellan, 2000; Miller, 1998oom et al., 2010; Sari, 2002).
The odds of mortality for emergency care conditismese higher in a low competition
region. However, with consideration to the posgibdf inconsistent parameter estimates
due to a possible endogenous regressor, the regressth instrumental variable
analysis, show that a region with low competitiam ©iave a protective effect on
mortality for these conditions — the odds of matyabr sepsis (0.776) and trauma (0.53)

were significantly lower for a low competition regicompared to a regions with high
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competition. The differences in parameter estimbiten the original logistic regressions
and the subsequent regressions using instrumearable analysis suggest that there
may be an association between system-affiliatiolyme, and thus impacting the level
of competition.

These results suggest that lower levels of cortipetpromotes better outcomes,
refutes basic economic theory and previous findthgs competition improves quality of
care. While it is notoriously difficult to measute effects of mergers (Gaynor, 2012),
this study assesses variables related to hospialotidation through the explanatory
variable of varying regional competition levels anstrumental variable of hospital
system affiliation. The instrumental variable asa&ysuggests that lower levels of
competition are associated with better outcomeshaw/n by decreased sepsis and
trauma mortality. Additionally, these results ursbere the need to discretely examine
the outcomes of unplanned, critical illnesses.

The study developed a groundbreaking modified-hiidthodology and use of
instrumental variable analysis to examine the ihpacompetition in unplanned, critical
illness. Much of the quality and outcomes literattocuses chronic conditions and
planned care at the individual hospital level, Witthe regard to care coordination
factors. This study is the one of the first to pdevestimates of the effect of competition
on emergency care outcomes, linking instanceseofleivery of high-quality emergency
care problem in the context of health economic® piesent findings offer support for
the idea that competition may be aversive in irgarof unplanned, critical illness —
instead, coordinated hospital systems may be baittad to deliver timely, high-quality

care for emergency care conditions.
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The study’s methodology and ability to exploit Mand’s natural experiment of
regulated payments allows a unique study of cormipetand emergency care outcomes.
SID is a large, state database used to estimagffdet of competition on mortality for
emergency care conditions based on real-world d&adatabase is contained within the
state of Maryland, which utilizes an all-payer miodaturally controlling for price. In
essence, it allowed for a study of regional contipeti attenuating the effect of price.
Previous studies that attempted to study the effgfctompetition on patient outcomes
are unable to differentiate between the impactricepand the number of providers on
patient outcomes. Maryland’s All-Payer Model is tidy state in the nation that can
provide an environment to purely measure compaetits the number of providers in the
local healthcare market, on patient outcomes.

Most hospital consolidation opponents suggesthbapital consolidation
increases insurance clout, and therefore priceh®mwther hand, those in favor of
hospital consolidation cite improvements in quadibd patient outcomes. This study
provided a context to study these claims. Becaospitals cannot compete on price, the
state of Maryland has created a level-paying fialbwing for studies of regulated
payments and volume-based competition. As moresstainsider adopting a fixed-
payment approach, or even capitation, this studggslts can provide insight on the
effects of a uniform payment system on emergenoy gatcomes.

Second, econometric methods of instrumental vaggaahalysis were used to
enable inference regarding the impact of a low cefitipn HRR on mortality for

emergency care conditions. This has implicationdifture studies of hospital system
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affiliation and quality. Despite the use of the Hi@sn and 2-Stage Least Squares
Estimations, further tests need to be conducte@lidate this instrumental variable.
The study has certain limitations. The Dartmoutlag\uses old data and arbitrary
rules to determine boundaries for HRRs; these noapa reflective of actual health
utilization patterns in the state. It is based earonsurgical and cardiovascular surgery
patterns, whereas this study is focused on unpthrungical illnesses. The Dartmouth
HRR guidelines can cross state lines. Therefoeetwio other hospitals located in
Delaware for the Salisbury HRR were not examineattifionally, the state of Maryland
is comprised of only three HRRs, signifying the mappropriate methodology of
considering the competition index as binary, rathan continuous. For future studies
that encompass more regions, the index could bgidered continuous or use its log, to
provide further insight of the effect of regionanepetition on emergency care outcomes.
The use of Maryland SID data has limitations a.Wwéis study only examined
Maryland hospitals, ignoring the neighboring effetVirginia, Delaware and
Washington, D.C. The Takoma Park HRR is locatedadijt to the Washington, D.C.
HRR, rendering the neighboring effect event mompunced in the state and perhaps
ignoring the outcomes of those patients that #Bis in Washington, D.C. opposed to
Takoma Park. Because Maryland is comprised of ttmge HRRS, limiting the
competition measure methodology to be binary, opgpds continuous. A continuous
HHI would be a more appropriate and valid meas@ismpetition. Also, a study of
more than three regions would allow for a moreapttt and comprehensive study of

competition and sudden critical illness outcomes.fEture studies that encompass a
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greater number of regions, the index could be damed continuous or use its log, to
provide further insight of the effect of regionalnapetition on emergency care outcomes.

This study only examined one year of data, prewgrdany longitudinal
conclusions. Coding variability is a concern withatharge abstracts and administrative
data. ICD-9 coding may have inaccuracies, withabotatory results or patient health
status assessments to unobservable patient selviastyWithout prior patient history or
functional outcomes, the severity of the diagnasisnknown. Furthermore, sepsis
coding is highly variable, indicating that the IG@zodes used may not contain the true
incidence of sepsis within the state. This study considered cases originating from the
ED and excluded transfers. This may create bi#isamesults, because within-hospital
transfers may alter outcomes. Health systems are hkely to transfer patients within
the affiliated hospitals because of shared findmecentives. However, this study
excludes this population because it only considéredED-admitted population, rather
than those admitted via interfacility transfer.

This state data did not consider geographical &tiwhs. While the Salisbury
HRR is largely isolated by the Chesapeake Bay dfidy did not explicitly consider any
other geographical barriers. Maryland’s topograppttjudes a significant number of
rivers and other waterways that may be creatingiggiic variations. Additionally,
rates of diversion were not examined in this study.

Although this study considered instrumental vaeadmalysis validity tests, more
comprehensive tests could be performed with hdsgitality measures such as Hospital
Compare data and other report cards. Intuitivebgpital system affiliation relates to

mortality — larger, closed health systems boastavgd health outcomes. This implies
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that hospital system affiliation and mortality magt be exogenous. Additionally, the
Hausman Test requires two exogenous variableshizustudy only considered hospital
system. Future studies can include multiple exogsmelationship to validate
competition as an endogenous variable, and itcegsm with hospital system

affiliation and mortality. Additionally, the studyould consider hospital system affiliation
as a covariate, rather than an instrumental varialhile the instrumental variable was
created as a logical process and an attempt tastade the association between
competition and emergency care outcomes, it imaoessarily restricted to only an
instrumental variable approach. The use of hospystlem affiliation as a covariate could
provide a more accurate statistical analysis, wattioe need for the instrumental variable
validation.

Finally, this study only utilized inpatient onsitertality measures as a quality
indicators. To supplement the mortality variabl@aly hospital variables were used to
control for hospital-specific unobserved factorewtgver, the association between
regional competition and mortality is nonlineadicating that the hospital-specific
effects are not necessarily differenced away. leustwdies may use additional health
care quality measures, combining quantitative araligtive data to provide better
insight on this relationship.

5.1 Future Directions

Future studies can use longitudinal and more ceh®rsive datasets to
characterize the role of competition in a rate-fefga state. With the implementation of
the new All-Payer model, that includes quality-payhinitiatives and global budgets,
these reforms follow the model of capitation. Thés significant implications for

hospital competition, removing the volume-based ponent of competition. Therefore,
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longitudinal studies with future cohorts of Maryth8ID data can seek causal inference
between the global budget implementation and patiettcome.

Furthermore, the use of more comprehensive qualligators for hospitals can
provide better proxies for hospital quality. Witretuse of Hospital Compare data, future
studies can use the structural and process medbatgsertain to the ED to assess
hospital quality. By identifying measures not rethto competition, and controlling for
these factors, the relationship between competédimhhospital quality can be more
definitive. Currently, the use of hospital controiay detract away from the real
relationship of competition and quality. Additiohalin the state of Maryland, the range
of quality may not be significantly different, prgtmg further studies in other states.

Additionally, condition-specific HHI calculatiorshould be further investigated,
especially for specialized sectors. Since emergeany is fundamentally different than
planned care, the use of ED- and condition-speEiFids revealed a more accurate
assessment of the emergency care health marketusehef the modified-HHIs could be
applied to claims data, to assess the relatiortsttyween reimbursement rates for
different diseases and competition as well.

Ultimately, the Maryland-All Payer model is desgghto control costs and
improve quality through its new targets of reduciegdmissions, hospital-acquired
conditions, and improving population health meas@@MS, 2014). This state data could
be compared with a similar state that does noansall-Payer Model, to compare the
effectiveness of the state’s reforms.

5.2 Public Health Significance

The emergency care system is designed to optipatient outcomes for day to

day emergencies, while ultimately enhancing prepraess efforts for larger scale
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emergencies. Inherently, a more coordinated sysenmerently a more prepared
system. Some suggest that coordination can take gitmough consolidated hospital
systems, and the study’s findings and use of ingntal variable method for hospital
system affiliation can attest to such claims. Eraeny care provides unexpected care for
individuals with acute care needs, and on a lasgale, provides care for catastrophes.

Despite the difficulty in ascertaining a state@gion’s level of preparedness,
using day-to-day outcomes can provide insight enekel of effectiveness and
functionality of the emergency care system. Thecally, if trauma mortality rates are
relatively low for everyday occurrences, the emeogecare system is more prepared and
will be able to effectively respond in times of ass shooting or a large-scale disaster.

While the role of competition in emergency care imah to be discovered, an
understanding of competition in a rate-regulatetrgecan provide insight on the
relationship between competition and quality okedarthe emergency care setting.
Furthermore, an understanding of the role of cortipetin the emergency care sector
can inform coordination initiatives among providdmsultimately create an emergency
care system that is patient-centered and integtatptbvide high quality care and

respond in times of emergency.
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Appendices

Appendix A

Classification of Hospitals and Hospital Systemd$H4RRs.

Baltimore

Hospital

Health System

Baltimore Washington Medical Center
Bon Secours Baltimore Health System
Carroll Hospital Center

University of Maryland Shore Medical Center at Gee®wn
MedStar Franklin Square Hospital Center
MedStar Good Samaritan Hospital
Greater Baltimore Medical Center
MedStar Harbor Hospital

Harford Memorial Hospital

Howard County General Hospital

Johns Hopkins Bayview Medical Center

Johns Hopkins Hospital
University of Maryland Rehabilitation and Orthopedi
Institute

University of Maryland Medical Center Midtown Cangu
University of Maryland Shore Medical Center at Bast
Mercy Medical Center

Northwest Hospital

Saint Agnes Hospital

Sinai Hospital of Baltimore

St. Joseph Medical Center

MedStar Union Memorial Hospital

University of Maryland Medical Center

Upper Chesapeake Medical Center

Salisbury

University oadiland Medical System
Bon Secourdtti8gstem, Inc.

University of Maryland Medical System
MedStartHea
MedStar Health

MedStar Health

Upper Chesapeake Heajist&n
Johns Hopkins Heaitbtem
Johns HopKealth System
Johns Hopkins Health System

University of Maryland Medical System
University of Maryland Medical System
University of Maryland Medical System

LifeBridge Health
Ascension Health
LifeBridge Health
University of Marylanddidal System
MedStar Health
University Bfaryland Medical System
University of MargllMedical System

Hospital

Health System

Atlantic General Hospital
McCready Foundation
Peninsula Regional Medical Center

Takoma Park

Hospital

Health System

Doctors Community Hospital

Holy Cross Hospital

Laurel Regional Hospital

MedStar Montgomery Medical Center
Prince George's Hospital Center
Washington Adventist Hospital

Trinity Health
Dimensions Healthcare &yst
MedStar Health
Dimensions HealthSsstem
Adventist HealthCare

Note. N=32. Blanks for health system indicatiependent hospital, not belonging to a system
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Appendix B

ICD-9 CM Codes for Sepsis.

ICD-9 CM Diagnosis Code

Condition

003.1
020.2
022.3
036.2
036.3
038.0
038.10
038.11
038.12
038.19
038.2
038.3
038.40
038.41
038.42
038.43
038.44
038.49
038.8
038.9
054.5
098.89
112.5
449
785.52
790.7
995.92

Salmonella Septicemia

Septicemia Plague

Anthrax Septicemia

Meningococcemia

Waterhouse-Friderichsen Syndrome
Streptococcal Septicemia

Staphylococcus Septicemia, Not OtherwiseiSpe
Staph Auerus Septicemia

MRSA Septicemia

Staphylococcal Septicemia, Not Elsewherssiflad
Pneumococcal Septicemia

Anaerobic Septicemia

Gram-Negative Septicemia, Not Otherwise fpdc
H. Influenae Septicemia

E. Coli Septicemia

Pseudomonas Septicemia

Serratia Septicemia

Gram-Negative Septicemia, Not Elsewheredifiad
Septicemia, Not Elsewhere Classified
Septicemia, Not Otherwise Specified

Herpetic Septicemia

Gonococcemia

Systemic Candidiasis

Septic Arterial Embolism

Septic Shock

Bacteremia

Systemic Inflammatory Response Syndromdal@gan Dysfunction

93



Appendix C

ICD-9 CM Codes for Trauma, Stroke, Cardiac Arresid STEMI

ICD-9 CM Diagnosis Code Condition

800 — 904, 910 — 929, 940 - 957 Trauma

362.3, 433.x1, 434.x1, 436 Acute Ischemic Stroke
427.5 Cardiac Arrest

410.x, excluding 410.71 STEMI
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