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Abstract

Medicaid Expansion and closing of Emergency Departs{&m) like Earl K. Long, Baton Rouge
General MidCity ED, and Champion Medical Center changed the health landscape iBast
Baton Rouge ParisfEBRP) In this research studg Geographical Information Systef@IS) is

used taanalyze the impact adhe expansion of Medicaid and the inauguration of Our Lady of the
Lake North Baton Rouge ED (OLOL NBR EDYer theutilization of Franciscan Missionaries of
our Lady Health System (FMOLHS) for both emergency andeamargency health care services
This studyis performedacrosshe 58 neighborhoodsf EBRP. Overutilization ofED is another
major issue faced by the health care providEnss research study also focusseshmimpact of
expansion of Medicaid on owetilizers of FMOLHS ED facilitiesin EBRP. The patient data
obtained from the Electronic Health Reco(E$1R) of Francis Missionaries of our Lady Health
System(FMOLHS) is geocoded and mapped into ArcGIS software. The census information that
is publicly available foEBRPas shape fileis used to mp and join geocoded patient data to form
heat mapsAfter the expansion of Medicaid, there is a significant increase in patient visits in
FMOLHS ED and no+ED facilities (primary care centers) due to an increase inuh#er(count)

of patients to theskcilities and not to an increased rate of visits per patient. More proportion of
patients started visiting FMOLHS ED facilities from lowecome neighborhoods in EBRP and
FMOLHS nonED facilitiesfrom mediumincome neighborhoods after the expansion etlMaid.

After the inauguration of OLOL NBR ED, there is a significant reduction in the number of patients
to other FMOLHS ED facilities (OLOL RMC ED and Livingston ED). The highest reduction in
patients countto OLOL RMC ED and Livingston EDs observed ni the lowefincome
neighborhoods compared to the reductiorpatients counin the medium and higher income
neighborhoodsafter the inauguration of OLOL NBR ED
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Chapter 1. Introduction

1.1.Background

In the health caresystem overuse ofresourceconstrained EmergendyepartmentgED) is a
critical concernin areas with large populations bfedicaid, Medicare and uninsureesidents
Utilization of ED for non-emergencyurposes in the USis responsible for a wasteful spending
of $38 billion annually byrealth cargroviders all over the counti{t].

Utilizing ED for nonemergency medical needs is considered ED overutilizatidpatients
visiting the ED four or more times in a year without hospital admissiondafenedasED over
utilizers [2]. It is observed thaED overusefor nonemergency medical needs is higher in
communities with fewer outpatient servig@s4]. EastBatonRougeParishis arepresentative of
manyunderserved and urban communities. In 2018, the poverty r&astBaton Rouge Parish
is 19.®% which ishigher than the national average poverty rate of |5]%nd 1.6% of the total
population of the parish is uninsured [6]. According to Health Resources & Services
Administraton (HRSA) [7], areas or populationvith few primary care providers, high infant
mortality, high povest or a high elderly population are considered as underserved areas or
underserved populatiom East Baton Rouge Parishhet most underserved population is
concentrated in the northepart, specificallywith zip codes 70802, 70805, 70806, 70807, 70811,
and 70812.Community Needs Index (CNWhi ch i s an indicator of a
health careservicef these zip codes is between 4.2 anldireflects the highest need foealth
careserviceq8]. The closure of the statavned Earl K. Long Hospital/B in April 2013, Baton
Rouge General MicCity ED in March 2015 and Champion Medical Center August 2017
affected thdnealth caréandscapén parishleavingits northern part with no emergenkgalth care
services Besides the a@essibility to the health care provideespansion oMedicaid could be
another important aspect responsible for ED overutilization in the p&nglence suggests that
expansionof Medicaid had great influence oatilization of ED and health care cesrs and
increased ED visits and created changes in payefdilt is importanto identifyand understand
the key aspects and factors responsible fooE&rutiizationin East Baton Rouge Parish

This research study uspatient datdrom Our Lady of the Lake Regional Medical Center
(OLOL RMC), the largest hospitaystemin Louisianaand affiliated to Franciscan Missionaries
of Our Lady Health System (FMOLHS}ast Baton Rouge Pari$BBRP)thatcontains different
cities including Baton Rougdaker Brownfields,Denham Springld Jefferson, andachery
is consideredsthestudy areaA Geographic Information System (G|8)hich facilitates working
with spdial datg is used to map the patient data over the parish layer and different census block
groups in the parish to identify the relationships between ED utilization ratedaeiils
influencing them.

1.1.1.GIS

GIS is a spatiavisualization, computelbased tol that visualizes, analyzes, stgresnd
manipulates geographic informatidn the healthcare industry, GI8 usefulin combiningthe
geographic and health care data to idenkigrelationships amongrious environmental factqrs
chronic diseases, hpitals accessibility and utilizatiovariables that are specific to health or
illness. GIS has vast applications health access and planning, health promotion, community
profiling, disease surveillance in many countfitg 11]. GISincludesdifferent toolsthat enables
working with multiple data layers simultaneously and perform different spatial aatdydentify
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patterns in the data and data layard therebyidentify spatial relationships and trends by creating
heat maps, trend graphs and charts. In this reseafsl§ tool namely ArcGl®esktop (version
106.1)i s used t o ma pnstudingthelaitude and breyitudelcaprclinates obtained
by geocoding the individual patient addressessus data, community information available
through online sourcedJS Census Burea(www.census.govy)publicly available community
informationto usespatial analysis techniques to identify the patterns of ED overutilization.

1.1.2.HealthCaein Louisiana andeastBaton Rougdarish

Expansion oMedicaideligibility was calledin June 1st, 2016nd itmade residentsf Louisiana
with income up to 138% of éeral poverty level eligible for Medicaid enrollméaf]. Thehealth
carecoverage for the newly erled Medicaid populatioms broughteffective from July 1st, 2016.
In 2017, nearly 28 million of the population in tiSA are uninsured13]. As of 2018calendar
year (CY), nearly59.1 million and 75.1million USA population are enrolled on Medicare and
Medicaid[14]. Uninsured patients and Medicaid patients account for 15% and 30% DBhaHiEs,
respectively. But, only 7.5% and 8% of the uninsured and Medicadtientsare admitted in the
hospital post their B visit [9]. Though Medicaieligibility expardedto providehealth caréo the
indigent population, it createthany challenges in health care industgnd is believed to
eventually have increased patients demand in thB Bbruptly [1]. It appears that theew
population of Medicaid enrollees who are not accustbtoethe traditionahealth caregpatient
workflow may be using théED for nonemergencynedical carat a higher ratgg].

Another important factor for B overutilization and hospital readmissiassnappropriate
management of chrondiseasesChronic diseases are defined as conditions that last 1 year or
more and require ongoing medical attention or limit activities of daily living or bbsh
Hypertension andliiabetes are thewo leading chronic diseases in thiSA. Thesediseases are
ambulatory careensitiveconditions thafire more appropriately managed in the outpatient setting
and benefit from comuity of care that is not available in ®EPoverty and other factors related
to low socioeconomic status (SES), e.g. unemployment, stress and lack of social support and
services are social determinants of he@DBOH) strongly associated witthronic dseases like
obesity, diabetes and cardiovascular dis¢a6e17]. As mentioned irFigurel.1, Robert Wood
Johnson Foundatidri g stated thapersonabehaviorsandthereceipt of medical carare shaped
by living and working conditions, which in turn are shaped by economic and social opportunities
andresourcesMore than 75 million people in th@untryhave two or more chronic conditians
Moreover, patients with chronic conditions are often concentrated in neighborhoods that contribute
to their diseases. Hence, it is important to look Bt\&sits, hospital admissions and chronic
conditions within the context of social environmEglf] to improve health outcomes in the current
system
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Figurel.l. Influenceson halth[18]

Diabetes and cardiovascular disease are two major chronic disedsessiana ancEast
Baton Rouge ParistAccording to America's Health Rankings analysis of Centers for Disease
Control and Prevention (CDQ20], in 2018, nedy 39% of adults in Louisiana had high blood
pressure ranking 45th state in the UBaAsed on Community Health Needs Assessia0aB|[ 8],
more than 11.6% of East Baton Rougarishpopulation has diabetes, 4% are diagnosed with a
heart atack and 3% had a heart stroke. However, there is variability in the SES, health insurance
status, food insecurity, and demographic composition within zip cddese circumstances
including the reasons of more underserved community areas, uninsuréiediodid population
in the cityare responsible for many n@mergencyatient visits aFMOLHS ED. Many of these
visits are for lowacuity care that do not require emergency services. Thesecaisttause serious
issues for patient care in théEIf these patients occupyDEbeds, they cannot be utilized for
patients seeking emergenattention, whicHeads tgpatientholdsin the ED. Moreover, there are
uninsured and homeless people who \EEX for their noremergency need21]. These issues
threaten public safety and reliability oiD& and therebiiealth careservices [22].

1.1.3.0LOL RMC and FMOLHS

OLOL RMC falls unde-MOLHS, whichincludesfive hospitalslt is the largest private medical
center in Louisiana with more thaf@licensed bed3]. Our Lady of the Lake Physician Group
(LPG) primary care clinics are located throughout the state andothieiana State University
(LSU) Health Baton Rouge primary care and urgent care clinics provide egtei¢he indigent
population of EBRP. A common Electronic Health Record (EHR) nsaintainedby all the
FMOLHS affiliated hospitals and clinics including OLOL RMC which can be used to generate
large patient cohorts. The Electronic Medical Records (EMR)IADL RMC and LSU Health
Baton Rouge primary caegeused to create patient cohorts that covers a large percentaBBBf
population. Furthermore, Medicaid beneficiaries report better accesedtih careand higher
service utilization for chronic condiins compared to uninsured pe®@jk4]. Diabetes and
cardiovascular disease, which are two chronic diseases prevalemparishis used to determine
the effect the social and built environment has on health outcomes of different payes. gro



Integrating patient data and geographical information into GIS can identify the residential
information of OLOL B utilizers and oveutilizers GIS plays a prominent role in spatial
mapping and modelling at neighborhood level for better understandithe dynamics between
environmental factors and the chronic diseases (cardiovascular disease and diabetes). International
Classification of Diseases (ICD) codm® used by physicians ahdalth cargroviders to classify
and code all diagnoses, sympi® and procedures recorded in conjunction with hospital care in
the USA. The 9 and 18 versions of these ICD cod#sat are termed d€D9 and ICD10 codes
are usedh this studyto identify patient cohorts by diseases and other demographic charaderisti
Thisstudy employs GIS by exploring the relationsaiponghealth conditionshealth car@ccess
and utilization within the overarching community context.

1.2.Problem Statement

Overdutilization of ED for noremergencynedicalneeds is one of the most imgeomt factors that
affect the shape of healitare centers in different aspects including ED overcrowding, high
demand for ED services, and financial los&&BRP representing many urban and underserved
communitieshas ED overutilization as one major issue health care system The EDsof
FMOLHS facesmany problems with B patients visiting for noremergency medical needshe
closure of multiple ED and medical centers namely Earl K. Long HospitalEaton Rouge
General MidCity ED, and Champion Medical @&rbetween 2013 and 2017 alteredphar i s h 6 s
health care landscape leavithg northern part of the city withit emergency healttare services
or afterhour low acuity like urgent cardhis impacted the utilization rate aither health care
providersincluding FMOLHS ED. It is observed thath e Bat on Rouge Gener al (
suffered a financial hit due to the closure of Earl K. Long Medical Center which is one of the major
reasons for its closuff@5]. To close the gap in the emergency health care services in the parish
and enable closer health care facilities to the residents, OLOL North Baton RougalBD
NBR ED)is inaugurated on Novemb#b, 2017 It is essential to study tHeMOLHS ED visits
and demand before and after the inauguration of OINBIR ED by studying the demand,
utilization rates and patterns of OLOUBR ED. It is intended to study the impact of the
inauguration of OLOL NBR ED over ¢hurgent care visits of FMOLHS and ED patients with a
primary care center followp visit but it is not conducted since the full EBRP FMOLHS urgent
care centersd patient data is not obtained fr
Expansionof Medicaid facilities to Lou s i a n a 0 s from dupy B0l Gantradwecedmore
changes tthe area'tealthcare systenmBaicker et al[26, 27] identifiedthe outcomes & similar
expansionof Medicaid in Oregonandfound thatit did not reduce ED use because it did not
improve access to primary or urgent caféis study alsoidentified thatexpandingMedicaid
eligibility had no signitant impact on specific health outcomes, and there was no demonstrable
benefit in control of hypertension, cholesterol or diabeligis.important to understand the impact
of the expansion oMedicaid on the utilization of both emergency and-earergeny medical
servicesn FMOLHS ED andeventually all the health care facilities affiliatetdFMOLHS. The
use of GISn analyzing these aspectsFEiIOLHS ED may provide alearer understanding of the
health care landscape in tharishand identify thanaja factors and concerns ofCEutilizers and
over-utilizers of OLOLED.
Another important issue in the parish is chronic disea$els important to study the
FMOLHS patient visit patterns to identitite impact of expansion of Medicaid ovbe patient
visits for chronic diseases at n&b facilities of FMOLHS. This research study focussestbe
use ofgeospatial data analysis to identify the relationships between kbaadthutilization, health
outcomes and predictors that can be incorporated at tleededivery pointin EBRP using
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geographic information systemdhis research study also focusses determining and
documenting analysis procedures by which FMOLHS and LSU HSC may utilize geospatial
analytics in future studies.

1.3.Research Objectives
The speific goals for this research work include:

1 Determine statisticallywhetherthe expansion oMedicaid in Louisianachanged the
utilization rate oFMOLHS ED, andif so, characterize howthe ED utilization is
impacted

1 Determine statistically, whether thepansion of Medicaid changed the FMOLHS ED
overutilizers count and their overtilization at FMOLHS ED facilities.

1 Identify if the expansion ofMedicaid increasethe FMOLHS nonrED visits (visits to
primary care centeisf FMOLHS).

1 Determinestatisticallywhethertheinauguratiorof OLOL NBR ED reducedhe
utilization rate oFMOLHS ED.

A secondary goal is to document procedures by which FMOLHS and LSU HSC may utilize
geospatial analytics in future studies.



Chapter 2. Literature Review

2.1.GIS Applications in Health Care Accessibility Measurenent

Determining accessibility to health care centers is an important afpatiuing better services

to thar surroundingneighborhoodGIS is used by some researchers to identify health care services
accessibility.Luo [28] performed a case study using GIS a@ssess areas with shortage of
physicians in counties surrounding DeKalb inorthern lllinois The authorused Floating
Catchment Area (FCAtechniquetoi nvestigate the geographical
services by ppulation in different census tracts in the cityFCA methodcircles of varying radi

with straightline distances to buffer an arbitrary Euclidean distance based on the number of
physiciansvereplaced at the centroids of geographic polygons (GC) created in the city and counts
the number ophysicians that falvithin each circleln this study, the geographic polygons were
census tracts in the city and centroids of each census tract were used to represent all the population
in each census tradt.majorassumption in FCA analysis is that patients walhsulttheir nearest
physician based o0 nandekatatgs thg acaessibilayrofgpatientts ovithaespead n
to neighboringp h 'y s i c i a rasdautilize® anlg straighline or Euclidian distance criterion.
However people, in general, use road netkvdistance for accessing these facilities instead of the
straight line or Euclidian path&ome studieshave found thatan assumption aboupatients
accessing the nearest health facility may not necessarily be the28hskecause patients
sometimes have to refer to other health services due to speeditnents or the required
treatments may not be available in neighboring health senlice [28] concluded that FCA
method is successful in providirgbrief picture about accessibility and it is important to use the
actual popul ati on and physicians?©o |l ocations,
accessibiliy results.

Luo [30] conductedh case studip determine the accessibility of healthy and nutritious food
at census blocgroup level in Springfield city in Msouri FCA Method is adopted in this study
to determine the store square footage to populatto, which is used as spatial accessibility
indicatorand Huf f 6s Model is used to analyze the p
in GIS is usedd predict sales or market potential based on distance and an attractiveness factor
by using Euclidian distances between facilities and demand locations.

Nichols et al.[31] used Network Analyst tool in GIS tdetermine the accessibility to
mammography resources in Mississippi stétetwork Analyst tool in ArcGIS software uses
network data such as streets data, ro&adoré& data etc., and create transportation network model
generated from this data to calculate distance between points in the study area and identify various
aspects of travel distances like quickest, shortest routes between origin and destination. The
reearchemuseddrive time analysis techniqukerough Network Analyst topWhich is effective in
calculating the shortest distances using provided road network data. A drive time distance of 30
minuteswas used in this study to identify the areas within thisvel time widow from the
mammography facilitiesLiu [32] conducteda similar study analyzing suitable locations for a
supermarket in the Minneapolis and St. Pardain Minnesota. The researcher ussstwork
analysis methods, Huff model in GIS and considered all the availablemgangets in the city,
their locations and potentials for this stuBgpulation density per square kilometer, distance from
other competitors, bus stopsda the University of Minnesotaiere considered in determining the
two best locatioafor the new supenarket.

Observing the previous work done by different reseasdhehnealth care to determine the
accessibility of health care centersd supermarketssing G15[28-32] strengthened the decision
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to choose GIS amanalysis tool for this research studyols like Network Analyst, drive time
analysis tool and least cost path analysis ts®d in the previous studi¢31, 32] provided
considerableresults in determining accessibility. Using Network Analyst tool for this current
research by ensuring that most updated ro&gork data is usetb generate transport network
layer may provide promising result®\ccording to Wang and X{i33], using Google Maps
Application Programming Interface (API) to calculate distances is more advantageous and
effective compared to Network Analyst Tool in ArcGIS since Google Maps API approach uses
latest and updated road data, accounts for road congestion and considerscesfbetween peak

and offpeak hoursThe Google Maps APénablesnappingand showng important information

like shortest routes from origin to destination, bus routes ava#aloleus fare, Uber/Lyft fare (if
acabis preferred)andtravel timevia waking or bicycle. In this research, Google Maps ABI
consideredo determine thdocations ofpharmacies, primary health care centers, urgent care
centers, clinics, EDs for the patients of FMOLHS

2.2.GIS Applications in AddressingSocioeconomid~actors and DiseaseSurveillance

GIS has its applications in analyzing and investigating socioeconiactcrs that determine
different societyelated economic factors sucheasployment, education, and income levela in
community,censudract or a state-ess[34] worked on spatial mismatch literature to visualize
residence and employment patterns and calculate measures of employtheahsport access.

The authorfocused on key characteristics of cities and suburbs considering different types of
transport system used by adults for travelling for work across Erie and Niagara counties. A
traditional gravity model is used to analyze jible accessibilitypatternsaanddetermine lowwage

job access measureA.gravity model calculatethe probabilistic attractiveness between different

job locations and neighborhoods based on the distance between them and factors responsible for
attraction GIS is used in the applications of disease surveillance. Velusamy| &blalsed GIS

for spatial mapping of acute diarrheal disease and map this disease pattemnssafdsten M.

M and Gerard36] developed an application using GIS that visualize maps that repratenof

cancer as a continuously varying surface based on the data provided to the system across different
zZip codes in lowa.

2.3.GIS Applications in ED Utilization Analysis

Rafalski and Zur{37] used GIS to monitor the ED usage at Mount Sinai Hospital (MSH) in
Chicagot o track cityés fire department patterns
without being treated (LWOT)he researchers in this stuggrformed spatialanalysis which is
used to determine and visualize the accessibility of fire departments by trauma cases followed by
pattern identification in the underlying data by siMding the city into zip codesSharma et al.,
[38] conducted similar analysis on investigating ED visits in North Texas using ED patients data
obtaina@l from patient data warehouse created by 80 hospllaiag spatial analysis method in
GIS, Sharma et al.identified zip codes and census blocks with high ED sisihd thereby,
identified and reviewe@&D overutilizers who are referred as frequent flyatientsin the study
on various aspects regarditigeir locations, reasons for visiwisits frequency etc

Reece et al[39] mappedhe usage of Emergency Room (ER) which is another name of ED
and identifythe zipcaels wi t h t he hi ghest r atoespotsanfNevER a d mi
Orleans city byusing patients data of LSU Interim Public Hospit&eece et al., mappdeD
patients visits rate by each zip code (p€00 residents in each zip coage)doverlaid EDvisits
rate on different census data layers like poverty rateswmites population and primary care
physician locations to identify the reasons and other aspects of ED utiliz&emk et al.[40]
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identified specific predictors namely number of housing code violations and vacancy rates
associating withED visits and hospital readmission for asthma patients by linking individual
patient and census traetvel informationusing GIS ArcGIS softwareis usedo geocodewhich

is a process of generating latitude and longitude coordinates from address field in patient data sets
Spatial analysis technique is usedttack the B revisits and réhospitalizationswhich are
captured by ICD9 codder asthma disease diagnoses within hospital billing area.

2.4.Influence of SDOH Measures on ED Utilization

SDOH measures are defined by the World Health Organization (WHO) as the conditions in which
people are born, grow, live, work and &gH]. The living and working conditionthat are
considered as SDOH measures define the medical care of a p&8pamd it is very important to
understand the influence of these SDOH measures on the use B researchers conducted
studies in this area in identifying cert&®OH measures that influence ED and, in general, health
care services utilization. Tsai and RosenHd& conducted a national level study called Veterans
Health Administration (VHA) study and found that homeless veterans were much more likely to
use the ED and to be frequent ED users than domiciled veterans.
Hwang et al[43] found that homeless people haveremthan eight times the incidence of
ED visits than their counterparts matched in age andBavan et al[44] through their cross
sectional surveyfaa sample of 625 ED patients, identified thaire tham8% of these patients
were either homeless or evicted or concerned about becoming homeless in upcoming two months.
In addition nearly 36% othe patients hd food scarcity 40% had food insecuritgnd 42% of
patients reportedifficulty meeting essential expenses difficulty in meeting essential expenses
(failure to pay utility bills, money concerns foonsulting a doctor and purchasing medicine in the
past year)Axelson et al[45] identified thathousing and homelessness, food insecurity, low
literacy, economic insecurity, and access to safety are more responsible for mamyangancy
paient visits to the EDAccording toAli and McCarthy[46], the factors ofnadequate food and
shelterareassociated with increased number of both total and preventable EDMigis et al.,
[47] conducted a crossectional study of ED patients at Hennepin County Medical Center, and
urban, Level | trauma center and identified that a signifipesportion of ED patients experience
food insecurity and hungddunger was observed to be associated with employment status, family
income, choosing nutritious food, and housing status in the study conducted by Mirjdi7et al
Health literacy is another factor to be considered to idensifynpact @ ED utilization. It
is defined ashe degree to which individuals have the capacity to obtain, process, and understand
basic health information and services needed to make appropriate health dg¢8idistfey et
al., [49] conducted a study on an urban academic ED that is part chasp&al health system
and found that patients with inadequate health literacy are responsible for higher use of ED than
patients with adequate Hewgliteracy. According to Balakrishnan et &b(], patients with limited
health literacyare less likely than individuals with adequate health literacy to accessumdjty
outpatient care
Spatialanalysis and pattern identification methods useithe previous studig87-40] can
be adoptedin this research for preliminary analysis to identify the patterns of ED accessibility.
Census block groups with high ED utilization called as hot block groups can beaadugliusing
spatial analysis method in GIBased on the research conducted by Reece E8%l. overlaying
ED utilization rates over map layers with factors like individual socioeconomic factors, median
age etc., can &htify the influence of these factors on ED vidgased on the previous studies on
relationship between SDOH measures and ED utilizafid250], it is understoodthat
homelessness, food scarcity and insecurity, inability in meeting essential expenses like health care
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consultation, purchasing medicindgalth literacyetc., are influencing the ED utilization. The
impact of these factors in addition to other SDOMasures like literacy rate, accessibility of
grocery stores, conventional stores, health care services like primary care and urgent care centers,
clinics, pharmacies etc., are considered to understamahplaet onutilization of FMOLHS health

care service.



Chapter 3. Methodology

This is a retrospective study where data from various platforms including medical records of
FMOLHS are gatherednd utilized to form initial patient cohorts EastBaton RougeParish
between 2015 and 201Batasets obtained from bd#HR of FMOLHS and census information
which arepublicly availableareprepared and uploaded irttte Geodatabase of ArcGIS software.
The utilization rate of health care centers considering both ED andEDgpatient visits and
percentage of patients visitaghich are considered as primary and secondary independent
variables of this studgrecalculated and used to visualize the ED anfpatientisits and unique
patients for eacheighborhoodn EBRP using ArcMapsoftware Further statistical analysee
performed to identify the correlations and clustering of these independent variables with different
socioeconomic factorsA detailed description of data collections, geospatial processing and
analysis procedures and methodology are explained in this chapter

3.1.Data Collectionand Preparation

FMOLHS uses a common EHR for the purpose of storing all patients and other sensitive
information across the FMOLHS affiliated hospitals and clinics including OLOL RMC. EHR
contains all patienés E M&uding the Protecte Health Information (PHJ which is highly
sensitive information of patientemelyp at i ent sé Medi cal d&eadboth d Nu mk
(DOB), Full Name, and address. FMOLHS uses various software platforms like Epic and Cerner
for storingEHR and othernformation related to patient visit&n electronic search of the EHR
providesa list of allED visits and include patient demographic information (name, medical record
number, date of birth, age, sex, ethnicity, payer type, and address) and clinicahtidor(date

of ED visit, ICD9 and ICD10 codes, mode of arrival, and disposition of ED visit). An electronic
searchs alsoperformed for patients diagnosed with diabetes or cardiovascular disease and include
all the same demographic information and chhiaformation described above including type of

visit (inpatient or outpatient) anldcation of visit. Women and minoritiegare included in the
patient cohorteindchildrenmedical records ar@soincluded in this study.

This research study uses datanfi different platforms and major portion of the data is
obtained from EHS of FMOLHS, census data and community information available through US
Census Bureau, publicly available community information like shape files, and health related
geographic datalhis research is approved ByanciscarMissionaries of our LadyJniversity
(FMOLU) with Institutional Review Board (IRBpumber 10102 approved on 06/28/2018 and
LSU Health Sciences Center (LSUHSC) with IRB number 2Z08Bapproved on 10/04/20Tkhe
letters of IRB approval from OLOL RMC, FMOLU and LSUHSC are attacas@ppendix A,
Appendix B, and Appendix @espectively.This research is also approved by Louisiana State
University (LSU)with IRB number 4299 on 10/24/201%he letters of IRB approval from3uU
is attachedas Appendix D. A letter stating thewaiver of Health Insurance Portability and
Accountability Act of 1996 (HIPAA) Authorization from LSUHSC is also attacimedppendix
E. HIPAA is United States legislation providing data privacy and secymiovisions for
safeguarding medical information and HIPAA waiver of authorization is a legal document
allowing an individual's health information to be used or disclosed to a third party or investigators.

3.1.1.PatientDatafrom EHR of FMOLHS

This researchtady uses patient records ED, LSU HealthCenters,and LPGClinics that are
affiliated toFMOLHS obtainedrom its EHR between January 26.and December 2018D data
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contains thenformation ofpatients visited any [E of FMOLHS at least once betwedaruary
2015 and December 2018. LSU Health center and LPG Clinics datasetyp leatei data o 6
visited primary careand subspecialty carelinics of bothLSU Health Centerand LPG Clinics
that are affiliated to FMOLHS the samédime period Each patien Gestry in these datasets
includesfour sets of information

1 Admission information: e and time of visit, health center visited.

1 PHI of the patientMRN, which is a unique numbeassigned to each patient to identify
thatp a t i health récerds atMFOLHS, first and last names of the patietidite of birth
and address

1 Additional Information: Race, Gender and Financial class stating Medicaid, insurance
coverage etc., of the patient.

91 Diagnosis informationPrimaryand SecondarlCD9 or ICD10 Diagnosisodes,
description, and group. The ICD is a system used by physiciarteealitd carg@roviders
to classify and code all diagnoses, symptoms and its procedures recorded in conjunction
with hospital care in the USACD9 and ICD10 represent'@&nd 10" revisions of ICD
codes respectively.

Patientsdiagnosed withtype 2diabetes or cardiovascular disea#i®o visited the OLOL,
OLOL ED, OLOL primary care clinics, and LSU Health primary ceeates between January
2015 and December 201&e identified usig the followingdiagnosis codes

1 Type 2 diabetes mellitus (ICD9 250.@250.9 and ICD10 E11.0E11.9),
1 Hypertensive disease (ICD9 401.2101.9 and ICD10 110 116), and
1 Heart failure (ICD9 428.0 428.9 and ICD10 150.0 150.9)

To incorporate thispgai ent sé i nformation into a GIS pla
patient is geocoded to obtain the Latitude and Longituadedinatef the address tmapeach
patient as a point coordinate in the GIS system.

A code sheet | i n kto an@lphanuraericpStutlyi Identificdtion Nivhibér
(SIN) is created and stored apassword protected excel spreadsheet in an encrypted computer
which can only be accessed by research investigadoiditional columns namelyage of the
patient,latitude andongitudecoordinates information obtained after geocoding are added to each
of the patient datainthe datas@iseS| N i s used to replace the pati
first and last nameslateof birth and address in all the datasets aedttie-identifieddatasets are
usedfor further analysis and data mapping. The databases that are used for spatial and statistical
analysiswill not include any patient identifying informatiam order to ensure the protection of
patient 6s idbemtaltyi ty and confi

3.1.2.Census Data and HealRelated Geographic Data

Census data and community information are available through the US Census Bureau and other
State and local agencie$his information idinked to the boundary layers to incorporat® the

GIS system. Additional healthrelated information like location of community resources,
recreational areas, health care delivery points, and parks that are summarized as context measures
areincludedin a geospatial layer. The community information and comes@sureshat are

included into the cohort majpse explained below
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Community information: Community information includes demographic composition,
household composition, housing conditions, education level, employreetdirs food and
vehicle access auss census tract, census block group and census blocKTlegedource for this
primary community data i$JS Census dafaand the American Communit Survey? for
information on demographics, housing, employment/income, at different geographic levels.
Census tracts, zip codes, cenislagk groups,andcensus blocksmformation are available through
the US Census Topographically Integrated Geographic Encoding and Refer€RiciER)® in
the form ofshape files thatan be easily incorporated into the GIS system as map layess.
census data fikeon the respective online sources updated on November 27ails&d for the
research study

Context measures This data includes$ealthrelatedinformation likelocation of community
resources, recreational areas, hedlth caralelivery points. Cotext measurearegeocoded and
incorporated int@ GIS systemrThis type of data includes crime, fire, business locations, housing
developments, djusted property, and parkasvailable atOpen Data BR. Transportation rad
geopolitical locations and boundare® obtainedhroughEast Baton Rage Parish GIS Program
(EBRGISYP. Google Maps APIs used to gather information on phaacy, health cardacilities
(pharmaciesclinics and hospitals)grocery storesconventional storesbus routesOrigin to
destinationTravel distances different aspectby car, bus, bikeand bywalk and travel times
between patients and healtflated resourceare obtained from Google MaAPI and ArcGIS
Network Analyst For the facilities of bus routes and cab services like Uber and Lyft, transport
faresarecalculatecbetween origin and destinatioising Google API.

3.1.3.Geocoding

Geocoding is the process of converting a physical addresstb ocat i on on eart hos
latitude and longitude coordinates. The process of batch geocoding is to geocode multiple
addresses as a batch through submitting the list of addresses to be geocoded in the form of a comma
separated values (CSV) filer an excel file. For this research study, Texas A&M University
Geoservice$s]] is used for geocoding the addre$gach patient in the dataselbe geoservices
offered by Texas A&M Universityadds a matckcore(on a scale of 0 to 1)@ represenhow
granularthegivenaddress is geocode¢hich can be wed todeterminghe accuracy of geocoding
process for specific addresses

The datasets of patient visits obtained from EHR of FMOLHS are obtained as Excel
spreadsheet$:romthese datasetsnly address columns which include Address Linel, Address
Line2, Street, City, State and Zip Code columns are copied to a sepacalespreadsheet. These
address columns are filtered to obtain only unique addresses and are saved as a separate Excel
spreadsheet. A MacrosésdedusingVisual Basic for Applications (VB) in Excel to split this
excel spreadsheet containing unique patientsé
2500 addresses for the purpose of batch geocoding using Texas A&M University Geoservices.
Each of these CSV files are then uploadetd the batch geocoding portal of Texas A&M
University Geoservices and validated them to ensure that each CSV file consists of address

1 http://www.eensus.gov/data.htmhAccessed on: April 2, 2019.

2 http://www.census.gov/prograrssirveys/acs/Accessed on: April 2, 2019.

3 http://www.census.gov/geographies/mapgiites/time-series/geo/tigegeodatabaséle.html. Accessed on: April 2, 2019.
4 http://data.brla.gov/Accessed on: April 2, 2019.

5 http://dataebrgis.opendata.arcgis.camccessed on: April 2, 2019.

12



http://www.census.gov/data.html
http://www.census.gov/programs-surveys/acs/
http://www.census.gov/geographies/mapping-files/time-series/geo/tiger-geodatabase-file.html
http://data.brla.gov/
http://data-ebrgis.opendata.arcgis.com/
http://data-ebrgis.opendata.arcgis.com/
http://www.census.gov/data.html
http://www.census.gov/programs-surveys/acs/
http://www.census.gov/geographies/mapping-files/time-series/geo/tiger-geodatabase-file.html
http://data.brla.gov/
http://data-ebrgis.opendata.arcgis.com/

variables in the required format of the geoservices portal. All the uploaded CSV files are then
geocoded using Batch Gamding process.

After geocoding all the CSV files, the geocoded CSV files are downloaded and merged into
a single Excel spreadsheet through Command Prompt. Besides the latithdengitude
coordinates, the merged Excel spreadsheet contains additidmains like Source, TimeTaken,
UpdatedGeocoding, Version, ErrorMessage, Transactionld, naaccrQualCode, naaccrQualType,
GeocodeQualityType FeatureMatchingResultCount etGhe obtained Excel spreadsheet is
cleaned to remove all these additional columnscanmtain only FeatureMatchingGeographyType,
Match Score, Latitude and Longitude columns besides the address information.
FeatureMatchingGeographyType column is useddeémtify whether the geocoded address is
matched from the street address, census blddkeas, census block group address, polygon
centroid etcln the geocoded patient visits dataset, additional fields like age of the patient, number
of visits by individual patient, latest visit to the BEiumber of visits every yeatc., are calculated
for futureanalysis purposes.

3.1.4.Geospatial Analysis

In this research study, ArcGIS Desktop software, version 10.6.1 is used for geospatial analysis. In
ArcMap software, geodatabases are used to contain, store and work with geocoded patients and
census data ithe form of shape files and layer files. All the census information including the
community characteristics, census data, census block groups, and census blocks are publicly
avail able as shape files and pati edasMidosattat a of¢k
Excel files (.xIsx files). After geocoding the patient addresses, the geocoded patient data is
uploaded into Geodatabase of ArcGIS where each data file is uploaded as a layer file. Universal
Transverse Mercator (UTM) coordinate system issadered for all the data layers and the
coordinates of the map layers are displayed in meters.

There are different basic and advanced geospatial processing tools that are used in this study.
Attribute and Spatial Query toglgopular afQuery toolsareused for preliminary data selection
between two layers to identify the overlapping data points. Attriboite Spatial Joimnd Map
Overlay tools play important rolie this researchin overlaying and jaiing census layers and
patientp o i fayers $patl analysis techniques like Spatial Smoothing and Spatial Interpolation
techniques are also considered to visualize the ED and hospital utilization concentrations and
utilization rate. They are further used to generate heat maps and other density maps.

3.15Export ng Map Layer 6s intotsaviFiebut e Tabl e dat a

SPSS software (version 28)used in this study for statistical analysis purp@sebthe data files

that can be processed by this software are with .sav file exteiisiermap layers obtained from

spatial joining of patient visits data layers with census data lagenelyneighborhoodsf EBRP

and the map layers with transportation accessibility data, chronic diseasesratinthe layer

data in its respective attribute tabl€hese attributéablesareexported to a .sav file. Since, there

is no direct expomg procedurd o0 convert the map | ayer 6tke attr i
attributetable of each map layerexported to a CSV #. The exported CSV file is theonverted

to an MS Excel worksheet with .xIsx extensiomisIexcel worksheet file is finallynported into

SPSS ad saved as a .sav file whichrisadable and can be used in SPSS software. This entire
process of converting the attribute table of map layer to a .tavsfinitially tested with
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preliminary map layers and i$ ensured that the data is exported properly with no data type
conversion or data mismatch errors.

3.1.6F MOLHS Patientsd Demographics

The scope of this study is EBRP and only FMOLHS patients are asddritify the impacts of
expansion of Medicaid and the inauguration of OLOL NBR ED. It is highly important to
understand thdensity of population across all neighborhoods in the paristd@mdgraphics of
FMOLHS patients, specifically the patients froBEP. Studying the EBRP patients of FMOLHS
and the overall EBRP population demographics and comparing these two datasets gives an
understanding about the similarities and differences betweenThemeason to perform this data
distribution analysis is taentify whether the FMOLHS patients datasets are a representative of
overall EBRP population in terms of population demographics.

The population density is calculated for each neighborhood in the parish and it is shown in
Figure3.1 based on 2016 population census in number of persons/square.mile-iguwes.1,
all the neighborhoods in the northern part of the parish have population density less than 900
persons/sg.mi ahmost of the neighborhoods in the southern part of the parish have population
density above 900 persons/sg.mi.

Legend /
EBRP Population Density I,/"
- < 900 persons/sq.mi _“ /
900 - 1,800 persons/sq.mi \\‘
1,800 - 2,700 persons/sq.mi ,-’_‘/" ;"J

_a / 00735 3 45 6
! > 2,700 persons/sq.mi A / e — e iles

Figure3.1. Population densitin EBRPbased on 201population census
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The demographics oFMOLHS patients and EBRP population include gender (male and
female), ethnicity (white or Caucasian, African American, Asian, Hispanic, other, and unknown),
age groups @7, 1834, 3550, 5164, 65 and above)lhe FMOLHS ED patiens visited
between 201%nd 2017)demographics and EBRP population census data for 20 Ehawenin
Appendix L. In addition togender, ethnicity and age groupssurance categories (Medicaid,
Medicare, no insurance, and private insurance) are considered for the patiemtswistalization
and understanding. But, the insurance categories information for the EBRP population is not
available and it is not shown in the tables. The income levels information for the patients is not
available in the patients datasets obtained ffMOLHS. But, based on the location of the patients,
the neighborhood to which each patient belongs to is obtained and the mean household income of
each neighborhood is available publicly online. By using Spatial Joining technique in ArcMap
software, the man household income data available for each neighborh@&®BRP are matched
to each FMOLHS patient based on the neighborhood the patient belongs to. They are categorized
into three levels which are lower ($34,020 or less), medium ($3462050), and igher
($62,050 and aboveYhe EBRP population data with respect to the household income is not
available for the required income breakdown and hence, it is not shown in the demographics data
tables.The demographics tables for both

The time period condered forEBRP ED patientsanalysisbefore and after the expansion
of Medicaidis from 2015 to 201, Avhich is 3 yearsAs the census data for EBRP population is
avail able on annual basi s, this 3 yeara pati e
appropriate comparison with the overall EBRP population census @htacensus dat#hat is
available onlindor EBRPIs used to obtain the general EBRP population demografohigender,
ethnicity, and age group$he expansion of Medicaid was bght effective on July®,, 2016 and
it is appropriate to us2016 EBRP population census dafhe demographics tables for EBRP
nonED patients between 2015 and 2017 (t-BD study
patient visits) and EBRP ED patisriietween Octobef?12016 and December $12018 (to study
the impact of OLOL NBR ED inauguration over the other FMOLHS ED patient visits) are shown
in Appendix M and Appendix Mespectively.

There are three datasetsedfor the analysis of patientsid population demographics and

distribution which are EBRP population data, overall EDorBdD pat i ent s6 dat a, ¢
ED or nonrED patients that visited both before and after the expansion of Medicaid or OLOL NBR
ED. EBRP population distribution s compared to the overall F

distribution and then the distribution of FMOLHS patients that have both before and aftas visits
explained Figure3.2 shows the distribution of EBRP populatiaverall EBRP annual patients,
and EBRP patients with both before and after visits with respect to the expansion of Medicaid with
respect to gender, ethnicity, and age. All FMOLHS EBRP patients per annum distribution is also
shown in this last column in thifigure to give general awareness of the overall population of
FMOLHS all over the world.

In Figure 3.2, the first and third graphs shatve EBRP population and patient distition
with respect to gendend ageespectivelyF MOLHS ED patientsd distri bt
3 in these graphs with respect to gender and age groups are similar to the overall EBRP population
distribution. The ®cond graphin Figure 3.2 shows he populationdistribuion with respect to
ethnicity. It is clear therés a larger proportionf African American patients compared to the other
ethnicity groupsn FMOLHS norED patients shown in columns 2 andCdmparing the EBRP
population ethnicity prcentages with the FMOLHS ED patients in columns 2 and Broipertion
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of ED patients whareAfrican American ethnicitys greaterand White/Caucasian ethnicity less
than that of the EBRP populationerall

:

EBRP  Overall EBREEBRP annualAll FMOLHS
population in  FMOLHS patients with  annual

100%

75% 75%

50% 50%

0,
2504 25%

0%

0,
0% EBRP Overall EBRPEBRP annual All FMOLHS

population in  FMOLHS patients with  annual
2016 annual both before  patients

2016 anpual both before  patients patients and after visits
patients and after
visits m White/Caucasian m African American m Asian
= Female = Male = Missing Hispanic m Other ® Unknown
78K 7K 1K 13K

5% (18% |15°ﬁ (16% IlSti
50% -
25%

0%
EBRP Overall EBREBRP annuahll FMOLHS
population in  FMOLHS patients with  annual

2016 annual  both before patients
patients  and after
visits

m0-17 m18-34 m35-50 151-64 m65 and over
c) age

Figure3.2. EBRP ED patient and population demographics with a) gender, b) ethnicity, and c)
age for Medicaid expansion analysis

Figure3.3 shows the distribution of @vall EBRP annual ED patients, and EBRP ED patients
with both before and after visits with respec
median household income levEBIBRP population information for specific insurance categories
(Medicaid and Mdicare) and income levels (between $34,020 and $62,050, $62,050 and above)
are not available and hence EBRP population column ish@wnin these two graphs.
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The twograpts in Figure 3.3 do not show any compaon between the EBRP population
and the ED patients of FMOLHS but it gives a
to insurance case and neighborhood level median household incomes of patients.

100%

100%
’ o 3K(Y saﬁa 9 | BK(6%
9K 149
(19% 21K
75% (249

75%

50%
50%

25%
25%

Overall EBRP EBRP annual  All FMOLHS
FMOLHS annual patients with  annual patients

0%

0%

patients both before and Overall EBRP FMOLHS ann&#BRP annual patients with
after visits patients both before and after visits
= Medicaid = Medicare = No insurance m Lower ($34,020 or less) = Medium ($34,020-$62,050)
Private Insurancem Other*** m Higher($62,050 and above)
a) insurance category b) pat i e naodedianchougehadido
income level

Figure3.3. EBRP ED patient and population demographics with a) insurance category and b)
patientsd neighborhood median househo

The distribution of EBRP ne&D population during the time period of 2015 and 2017 with
respect to gender, ethnicity, and age are shovigre3.4. In the first graph irFigure3.4, the
distribution d patients with respect to gender is similar to the EBRP population distribution. In
the second graph iRigure 3.4, there is a slight reduction in the White/Caucasian and African
American norED patients in columnisvo andthreecompared to the EBRP population in column
1. There is a group of EBRP ED patients in coluwis andthreewhose ethnicity is unknown
but belonging to one of the actual ethnicity groupsthe third graph irFigure 3.4, the age
distribution of noRED EBRP patients (botbolumnstwo andthregq is different from the actual
EBRP population distribution. There are high number of Bbnpatients with age 65 years and
abovein EBRPnon-ED patientsOne postble reason for this behavior is that the people with more
age require more health care attention and consultation for both chronic acicropit diseases.
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Figure3.4. EBRPnonED patient and population demographics with a) gender, b) ethnicity, and
c) agefor Medicaid expansion analysis

Figure3.5 shows thalistribution of noRED patients with respect to both insurance category
andhepati ent sd nei ghbor ho ordefirst graphiraFigurd.6 shewstiao | d
the noRrED patients with either Medicaid or private insurance are higher compared to Medicare,
no insurance, or other ingunce. The second graphRigure3.5 shows thathe highesof the non
ED patients are with higher neighborhood median &balsl income levels followed bhypedium
and lower neighborhood median household income levels
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Figure3.5. EBRP norED patient and population demographics with a) insurance category and
b) patient sd nlousghblthiocontedevel me di an

To study the impact of the inauguration of OLOL NBR ED over the other FMOLHS ED
patient facilities, a study period of 27 months from October 1st, 2016 to December 31st, 2018 is
considered. The FMOLHS ED facilities that are congddor this study are OLOL RMC and
OLOL Livingston ED. The distribution of EBRP population and ED patients during this time
period with respect to gender, ethnicity, and age are shofigume3.6.

From the firstgraph inFigure3.6, gender distributiors equal foroothEBRP population and
ED patientsLooking at the second graph kigure3.6, the distribution of ethnicity in the BERP
population and ED patients is similar to the distribution in b) ethnicity gragfigare 3.2.
Comparing the EBRP population ethnicity percentages with the FMOLHS ED patients in columns
2 and 3, the ED patiengpatients that visited OLOL RMC and OLOL Livingston ED) who belong
to African American ethnicity are more than that of the EBRP popula@lomparing the overall
EBRP ED patients with the patients with both before and after visits to these two fatiigies,
distribution of EBRP population and ED patients is not similar especially for White/Caucasian and
African American ethnicity groupsThe distribution of population and ED patients of EBRP is
shown in the third grapbf Figure3.6. The percentage of each category in both EBRP population
andEDpati entsd columns are similar.
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Figure3.6. EBRP ED patient and population demographics withesder, b) ethnicity, and c)
age for Medicaid expansion analysis

Figure3.7 shows the distribution of ED patients with respect to both insurance category and
t he patientsd nei ghbor hthefidstgmehdvithansurance categothies, | d
nearly half of the EBRP ED patients are under Mediaaiithis percentage is even higher for the
ED patients with both before and after visits.
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Bringing the EBRP population distribution cathe FMOLHS ED and neB D pat i ent s
distribution together with respect to different aspects helped in understanding some key aspects in
the patient dat. From gender perspective, both EBRP ED andehdh pat i ent sé di str
similar to the EBRP popation distribution. By observing the distribution according to ethnicity,
more number of African American people seem to be visiting ED facilities compared-t&Dnon
facilities of FMOLHS in EBRP. This represents higher percentages for African Americantsati
in the ED facilities that are shown kigure 3.2 and Figure 3.6. Patientswith age65 yearsand
abovevisiting non-ED facilitiesmore than any other aggoups Consideing the EBRP patients
distribution with respect to insurance categories, there are more Medicaid patients that are visiting
both ED and no#eD facilities of FMOLHS in EBRRas shown irFigure 3.3, Figure 3.5, and
Figure 3.7. Patients that have private insurance hewing second highest percentage visiting
FMOLHS nonED facilities after the patients with Medicaid as showRigure3.5.

Thekey pointsof this section ee:

1 Considering gendeFMOLHSEBRPEDandnofE D pati ent s6 di stri but
represerdtive ofthe EBRP population distribution.

1 Consideringethnicity,a higher proportion oAfrican Americas arevisiting FMOLHS
than the proportion in thEBRP populatioroverall In FMOLHS noRrED facilities, the
ethnicity distributions representative &BRP population distributioaverall
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1 Forage groupgshe FMOLHSEBRP ED pat ionmepraséntsthe SBRP i but i
population distributiorand the FMQHS EBRPnorED pati ent sé di stri bu
represent the EBRP population distribution

3.2. Statistical Analysis Procedures

Statistical analysis techniques play pivotal ialéhis studyin testingthestatistical hypothesand
determining theorrelations betweeB8DOH measureandFMOLHS utilization.

3.2.1.Factorial Analysis of Variance (ANOVA)

A factorial ANOVA design is a statistical method used to compare the means of responses across
two or more inlependent factors. It can determine the significance of the various factor levels on
the response mean, the mean and confidence interval on the group means, and interaction effects
between the factor levels. There are different assumptionsabdb bemet for ANOVA, namely:

T No significant outliers (using fAnDescriptiyv
1 The dependent variable should be approximately normally distributed for each
combination of the groups of the independent variables. This wildted with the
ShapireWilk test for normality in SPSS.
1 \Variances should be approximately equal for each group. This will be tested with the
Levene test for homogeneity of variance in SPSS.
Factorial ANOVA was initially considered for studying the sigodnce of different
independent factors in this research. Specifically, a nested factorial designnsideredsince
there are neighborhoods and census block groupBRP.
Given the dependent variables represent count data and the number of arsebettveen
blocks varies significantly, there was concern as to the applicability of ANOV@&hajireWilk
test for normalitywas conducted in SPSS for the datasets in this research study. The code
mentioned below is used for running Shapividk test onthe ED patient visits count for before
and after the expansion of Medicaid:

EXAMINE VARIABLES=Number_of ED_Visits BF_MedExp_Visits_Count
AF_MedExp_Visits_Count BY NEIGHBORHO

/PLOT HISTOGRAM NPPLOT

ISTATISTICS DESCRIPTIVES

/ICINTERVAL 95

IMISSING LISTWISE

INOTOTAL.

The output from SPSS is mentionedAppendix F.By observing the p values from the
ShapireWilk test, both before and after ED patient visits counts across all the neighborhoods are
not significant. This proves that the counts dataidigtion is not a normal distribution. Levene
test to test of homogeneity of variance is also conducted in SPSS. The code to run this test for ED
patient visits for both before and after the expansion of Medicaid between 2015 and 2017 is
mentioned below:

ONEWAY BF_MedExp_Visits_Count AF_MedExp_Visits_Count BY Neigh_Cat
ISTATISTICS HOMOGENEITY
IMISSING ANALYSIS.

22



The output for this test shown inTable3.1.

Table3.1. Levene Test for Homogeneity of Variances in ED patient visits data

Levene | df1 df2 Sig.
Statistic
BF_MedExp_| Based on Mean 9.601 | 57 144326 0.000
Visits_Count | Based on Median 8.246 | 57 144,326 0.000

Based on Median and 8.246 | 57 122,002 0.000
with adjusted df
Based on trimmed mea| 9.138 | 57 144326 0.000
AF_MedExp_| Based on Mean 9.595 | 57 144,326 0.000
Visits_Count | Based on Median 7.888 | 57 144,326 0.000
Based on Median and 7.888 | 57 67,767 0.000
with adjusted df
Based on trimmed mea| 5.854 | 57 144326 0.000

The results in theabove tableindicate that variances in the counts distribution are not
homogeneous. The two assumption tests conducstichtethat ANOVA is not a appropriate
approactor this data.

3.2.2.PoissorDistribution and PoissoRegression

Poisson Distribution is defined as a discrete probability distribution that expresses the probability
of a number of events occurring in a fixed interval of time if these events occur with a known
constant rate and independently of the time sihedast event52]. The Poisson distribution can
be used for the number of events in other specified intervals such as distance, area or volume. The
Poisson @stribution isvery popular for modelling theounts datén an interval of time or space.

The equation for Poisson distribution probability mass functionsgtiie probability of
observingk number ofevents in a time period given the length of the fpagod ad the average
events per time_{ is:

5 \ 'Q B 31

0 WL g (3.1)
Here _is the arithmetic mean number of incidents that occur in a specific time inaed/& also
called as rate parametémis rate parameter ) defines both the mean and the variance of the
distribution. The values of both mean and variance in a Poisson distribution are equal to the rate
parameterThisis a discrete distribution that takes on a probability value only for positive integers;
this characteristic makes it a better choice for modeling count outcomes, which only take on whole
numberd53].

Poisson regressidoelongs to the familpf Generalized Linear Models (GLiM»4] which

is a generalization oOrdinary Least Squares (OLS) regression model. General Linear Models,
Multiple Regresion, Analysis of Variance (ANOVA), Multivariate Analysis of Variance
(MANOVA) andother regression modéiglongto the family of GLiM. GLiM family of analyses
can provide accurate results for data sets having binary, ordered categorical, count, amd time
failure (or success) dependent variablHse two important advantages of GLIM are they allow
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transformations of the predicted outcome and they are flexible in error stri&E3urBy allowing
the transformations of the predicted outcome, GLiM can linearize a potentiallinean
relationship between theegdendent and independent variablegsk function in these models
relates the metric of the predicted scores to the metric of the observed criterion scores or dependent
variables.
In Poisson regression, tdependent variablesre counts and the predidtscores from the
model are the natural logarithms of$beounts Poisson regression has natural log function as its
link function. The Poisson regression model can be represented by the equation below:

AA O OO OB 888 OO (3.2)
whereAis the predicted count on the outcome variable and when the specific values on the
predictors X1, X2, ..., Xp are gn. lyis the intercept anlo is the regression coefficient of the
first predictor X.

Equation(3.2 Stateghat a single unit increase in Xesults in a bunit increase in InA) by
holding all other varialgls constantA simpler interpretation in terms of the count variable can be
obtained as follows: o B _

OA W W Wi 888 ww
By raising the above equation to the powEf)

QA O 888 (3.3)
This equation can be simplified as follew
A Q 388
A QQ Q 888Q (3.9

This equation represents the changes in the peddresult in terms of the multiplicative changes
in the predicted courfA . From this equation, it is clear that foloaeunit increase in X the
predicted countA) is multiplied byQ with all other variables constant.

3.2.3.Poisson Regression Assumption TéstSPSS

Poisson regression assumes that the distribution of the countssfalleisson distribution. A list
of assumptions of Poisson regression are mentioned below:

1 The dependent vaiie consists of counts data.

1 There is at least one independent variable.

1 Independence of observations.

1 The distribution of counts folloga Poisson distribution

This entire research work focusses on the counts data which are either patient visits count o
the unique pat i e n-EDBfécilitiesooll FIIOLHS.0So, P@sson Regrdssion is
considered to identify the significant impacts of the expansion of Medicaid and NBR ED
inauguration on EstBatonRougeParishand its neighborhoods and censusklgroups. So, the
datasets that are used in this study are tested to identify whether all the assumptions of the Poisson
Regression are met. Locations of patients like Neighborhoods, census block groups, insurance
cases of the patient are some of the pathelent variables in this study. Each observation is
independent of the other observations. This proves that the first three assumptions for the Poisson
regression are met.
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To check whether the distribution of the counts is a Poisson distribution, Koiowg

Smirnov test (KS test) is used and this test is conducted in SPSS software. This is one of the
goodnes=f-fit tests, which is used to decide if a sample comes from a population with a specific
distribution namely normal, Poisson, exponential andfoumi distributions[s5. The null

hypothesis of the 5

t est i s

AfThe data f

Poisson distribution. Thi-S test statistic (D), is defined Ez6]:
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(3.5)

speci f

where F is the theoretical cumulative distribution, N is the total number of observations,and Y

Yo, ..

., Yy are the count values in the observations.
TheK-S testwas conducted on eactatasetdr all the objectives mentioned in Sectioh3.

to validate whether the patient visits counts follow Poisson distribulios K-S test conducted
on the ED patient visits dataset for the time period of 2015 té BG&hown belowTl he two patient
visits data that are observed here are the ED patient visits count before and after the expansion of
Medicaid for a time period of 18 montfi$eK-S testwas run in the SPSS softwdi this dataset
using the code below:

DATASET ACTIVATE DataSet1.
NPAR TESTS
/K-S(POISSON)=ED_Patient_Visits_count_Before_Medicaid_Expansion
ED_Patient_Visits_count_After _Medicaid_Expansion
IMISSING ANALYSIS.

Theresultsfrom the K-S testare shown imable3.2.

Table3.2. K-S Test for FMOLHS Epatient visits count dafaom EBRP

ED patient visits
Before Medicaid | After Medicaid
expansion expansion

N 144,384 144,384
Poisson Paramete| Mean .89 .94
Most Extreme Absolute .090 .070
Differences Positive .090 .070

Negative -.032 -.015
Kolmogorov-Smirnov Z 34.247 26.701
Sig .000 .000

The p valus for ED patient visits counter before and after the expansion of Medicaid are

0.000. Hence, theull hypothesis of KS test is rejected, which means that the distribution of the
counts data is not Poisson.

To check whether the counts data is Poisson in egigihborhood and census block group,

datasets that are subsets of this actual dataseteq@ed for eacheighborhood and census block
group in East Baton Rouge Parish aslmilar K-S testwas conducted on both before and after
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Medicaid expansion ED patient visits. The code and output for tBetést conducted on the
neighborhood named Bakis shown below:
NPAR TESTS
/K-S(POISSON)= ED_Patient_Visits_count_Before_Medicaid_Expansion
ED_Patient_Visits_count_After Medicaid_Expansion
IMISSING ANALYSIS.

Table3.3. K-S Test for FMOLHS ED patiétvisits count dat&rom Baker neighborhood

ED patient visits
Before Medicaid | After Medicaid
expansion expansion

N 6,001 6,001
Poisson Parameter| Mean .89 .88
Most Extreme Absolute .076 .057
Differences Positive .076 .057

Negative -.030 -.021
KolmogorowvSmirnov Z 5.866 4.442
Asymp. Sig. (2tailed) .000 .000

For the Baker neighborhood ED patient visits subset, the p values for both before and after the
expansion of Medicaid are 0. This rejects the null hypothesis stating that the distributodn is
Poisson. This situation is occurred in the patient visit datasets and subsets of other oljeittives.

on looking at thenistogram charts of these counts data distribution for the overall datasets and
their subsetshe distribution looks like a Poiss distribution. The histograms showing the patient
visits count distribution for both before and after the expansion of Medicaid for the overall parish
and for Baker neighborhood are showirigure3.8 andFigure3.9 respectively.
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ED Patient Visits Count Before Expansion of Medicaid ED Patient Visits Count After Expansion of Medicaid

Figure3.8. EBRPED patient visits count distribution before and after 18 months of the
expansion oMedicaid
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ED Patient Visits Count Before Expansion of Medicaid ED Patient Visits Count After Expansion of Medicaid

Figure3.9. ED patient visits count distribution before and after 18 months of the expansion of
Medicaidfrom Baker neighborhood

To get a clear idea about whether the distribution of these counts data can be assumed as
Poisson distbution, a faculty in Department of Experimental Statistics at LSU is consulted. The
faculty is presented with the data distribution histograki§ test results and given a clear
explanation about the objectives of this research. The faculty suggedtedssime that these
data counts follow Poisson distribution and this would not affect the results obtained from the
Poisson Regression. So, this consultation with the faculty at the Department of Experimental
Statistics helped in assuming the distributiam Poissn. From this clarification all the
assumptions of Poisson Regression arelpehe datasets used in this research study

A sample testvas performed on FMOLHS ED patients between 2015 and 2017 to validate
the Poisson Regression modEhe output of this test is mentioned ippendix Jit is clear that
the results that are obtained are not correlated with the actual résulesxample, Jones Creek
neighborhood has an increase of 304 visits after the expansion of Medicaid, but the Expe(B) valu
is less than 1. And this is repeating for many other neighborh@oaspossible reason for this is
that the model considers all the factors namely baseline neighborhood categonyrtdiat of
before visitsnumber ofbefore visits of the individualeighborhoods and the interaction effects
(# Before Visits * Neighborhood) and determines the exponent variable Exp (B). But, there may
exist an inability in the model to consider the specific impact of the expansion of Mealmagd
over the ED patient sits. There is no significant coefficient obtained through this model to
interpret the impact of the expansion of Medicaid over the ED aneBflowisits.So, to proceed
further, Wwvabusedtoadeniifg thetirepact of an event which is eitherettpansion
of Medicaid or OLOL NBR ED inauguration. To identify the direction of the impact, 95%
confidence interval is created and used.

3.2.4.Wi | c o-sighadiRankest and On&ample FTest

The Wilcoxon signed rank test & nonparametricversion of the dependent samplestést.

Because the dependent sampldsst tests whetheithe average difference of two repeated
measures is zero, it requires metric (interval or ratio) and normally distributed d&té;thec o x o n 6 s
signed rank testorks onranked or adinal data; thus, it is a common alternative to the dependent
samples-test wherthe ttests'assumptions are not met.

In this study, Wi lcoxonbds signed rank test
event over the median difference of twangdes. Herethe event is either the expansion of
Medicaid or the inauguration of OLOL North Baton Rouge ED and the samplesiraiser of
visits before andhumber ofvisits after the expansion of Medicaid or the inauguration of OLOL

27



North Baton Rouge ED.He null hypothesis of the test is that the median difference of the two
samples is equal to zero. This test determines whether the expansion of Medicaid or the
inauguration of OLOL North Baton Rouge ED had a significant impact on the ED cENon
patient vsits of FMOLHS.This test is performed usirigvo-Related Samples test in SP&8I a
sample SPSS code for this test is given below:

NPAR TESTS

/WILCOXON=BF_MedExp_Visits_Count WITH AF_MedExp_Visits_Count
(PAIRED)

ISTATISTICS DESCRIPTIVES

IMISSING ANALYSIS

Each dataset in this study is prepared wi#bh patient as an observation and the total number
of visits by the patient before and after the expansion of Medicaid are calculated and mentioned.
The difference between the number of after visits amtber of before visits for each patient
(number ofafter visitsi number ofbefore visits) with respect to the expansion of Medicaid is
calculatedFor Wi | c o x 0 n 6 sReldted Samplas sestymtber dfwisds before the
expansion of Medicaid antumber ofvisits after the expansion of each patient are considered as
the two samples.

If there is a significantifferenceo bser ved by the Wil c@%%onbs
Confidence intervgCl) is obtaineetweerthenumber ofpatient visits beforand aftetheevent
(either expansion of Medicaid or the inauguration of OLOL North Baton Rouged=Ejther
measure the significant difference value and the range of the difference in #patient visits due to
the event. This 95% CI is performed in thigdy using One Sample-Test in SPSSA sample
SPSS code that is used to obtain the 95% CI BirggSample ATestis shown below:

T-TEST
ITESTVAL=0
IMISSING=ANALYSIS
IVARIABLES=Visits_Difference_Magnitude
ICRITERIA=CI(.95).

For this test, the vaable with difference between theumber ofvisits after the expansion of
Medicaid and th@umber ofvisits before the expansion of Medicaid of each patient is used as the
sample

3.3.Impact of Medicaid Expansion in Louisiana on FMOLHS Utilization
The significant expansion of Medicaid within Louisiana, which initially went into efleectiuly
1%t 2016, is believed to haveaused sasignificant impact on resources utilization within the
FMOLHS. The research questiaddressetiereis:
1. Did theexpansion of Mdicaid change (increase or decrease) ED utilization within the
FMOLHS? Specifically, did gaining Medicaid insurance change utilization?

In this study, FMOLHS EDpatient visits count aneshonED patient visits countre
considered as the dependent variabledéatify the impact of the expansion of Medicaid on the
patient visits at different EDasnd primary care centeaffiliated to FMOLHS. From the obtained
FMOLHS patientsdo data between 2015 and 2018,
of Medicaid which is from January®1 2015 to June 3% 2016 and 18 months after the expansion
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of Medicaid between the dates Jufyy 2016 and December 312017 are considered as the study
time period. The scope of the study is East Baton Rouge Rartsipatiats who are from the
parish are considered in this study. Throughout the study time periodZ2Q8%, there are many
patients who changed their addresses to different locatiemethe parishThe address of each
patientthat isobtained from the lag visitentry in the recoris used.Thereare 146 patients who
changed their addresses among different neighborhosdethe parish. As mentioned before,
the address obtained from the latest visit of the patient is used. So, these 146 patierdglaredon
to belong to the neighborhodldey are residinguring thér latest visit.The geocoded FMOLHS
ED patient visits dataset are imported into the geodatabase. All these patient visits are converted
into a pointsd | ayer iudeaddiongiMaegcoosdmdtes abtaines frams i n g
the geocoding process. The neighborhoods data is imported into this ArcMap session from the
geodatabase.

Usinga atial join query between the patient visits dataset and neighborhoods layer, each
pat i esitstwéremapped with the neighborhood information to which the patient betong
This spatial joining process is repeated using the census block group and census block layers and
obtain the FIPS codes of the census block groups, and census bloclkagachl®longing to.
Though this research is limited to neighborhoods and census block groups, the census blocks
information of each patient is also generated and included for each patient to provide an easier way
for future research purposes.

To undersand the impact of the expansion of Medicaid on FMOLHS ED utilizatidfast
Baton Rouge Parishgeighborhood wise analyssperformedusingWi | coxonés Signed
and One Sample-festin SPSSUs i ng 0 ADatdlfisldin tbemttributes table fopatient
visits point layer FMOLHS ED and NoRED patient visitsare selected for every month ingh
studytime period through attribute selection and savethdwidual point layers.Both ED and
Non-ED patient visits point laysrarespatially joined taheneighborhood and census block group
polygon layesindividually. Through spatial joining of these two layersjlad fields in the patient
layer are summarizednto the outputlayer that eventually calculates number of patient visits,
number of patiets in eacineighborhood andensus blockroup

The neighborhoods in EBRP are classified into three categories based on the median
household income obtained for 2016. The better way to classify the neighborhood is to create equal
tertiles based on theedian household income and classify them as low income, median income
and high-income neighborhoods. All the neighborhoods that are with $34,020 or less median
household income are considered laser-income neighborhoods. The neighborhoods with
$57,000 ad less median household income are medium and the ones that are with more than
$57,000median household incomare higler income neighborhoodsChe poverty line is at
$24,300 for a median household income for the year 2016. Since, expansion of Medigd&bkpro
anyone who is below 138% of the poverty line which is $34,020, it is justifying to have $34,020
as a cubff median household income for low income neighborhoods.

Also, there are three types of insurance categories that are considered througtsbudyhi
They are Medicaid to Medicaidther or no insurance to Medicaidnd Medicaid toother
insuranceOtherinsurance refers to either private insurance or Medicare or no insurance at all.

3.3.1.Impact of Medicaid Expansion on ED Utilization

As stated edier, Wi | cox onds si gn-Sample Hestlaraused ina $PS& to perfodm e
the neighborhood wise analysis. This method is helpful to identify the significant changes occurred
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across neighborhood in terms of the patient visits and their distmbbgéore and after the
expansion of Medicaidlhe test design is as follows:

Factors (independent variables)

1 NeighborhoodCategorieglow income, median income and high income
neighborhoods

1 InsuranceCategory(Medicaid to MedicaidDther or no insurande Medicaidand
Medicaid tootherinsurancg

Responsddependent variable)

1 ED patient visits count for each pati¢ohe observation per patient]
Hof or Wi | ¢ o x on 0 s Theexgamsierdof Medicaik did nethdve an impact on
the ED visits
Overall test significance leveld) = 0.05

Different sets of heat majpsegenerated using ArcMap visualize the FMOLHS ED usage
patterns for a time periaof 18 months before arktB monthsafter the expansion of Mediitl and
theyare listed below:

1 A set of keat maps to visualize tMOLHS ED usage acrogbeneighborhood# East
Baton Rouge Parish.
1 Heat maps to show the FMOLHS ED utilizatwith respect to the insurancasein the
parish.
A detailed list of all the objectives with the factors and responensidered in this study are
mentioned inTable3.4.

Table3.4. List of objectives with factors and responses in this research study

Objective Factors Response(s)
1. Impact of Medicaid Expansion on | § Neighborhoods { ED patient visits count
ED Utilization 1 Insurance Cases

Time Period: 18 Months Before and 1
Months After Medicaid Expansion
Method: Wi | coxonbds Si

2. Impact of Medicaid Expansion on |  Neighborhoods ' FMOLHS norED
FMOLHS Non-ED Visits of Patients { Insurance Cases patients visits count
Time Period: 18 Months Before and 1
Months After Medicaid Expansion
Method:Wi | coxonds Si

3. Impact of Medicaid Expansion on | § Neighborhoods | ED patient visits count
ED Over-utilization

Time Period: 18 Months Before and 1
Months After Medicaid Expansion
Method:Wi | coxondés Si

4. Impact of NBR ED on FMOLHS 1 Neighborhoods 1 ED patient visits count
ED Visit Patterns

Time Period: 13 Months 15 Days
Before and 13 Months 15 Days After
NBR ED Opening

Method:Wi | coxonds Si
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3.3.2.Impact of Medicaid Expansion dfMOLHS Outpatient Visits of Patients with Diabetes
and Cardiovascular Disease

To determine whether the expansion of Medicaid inceedsbetes and cardiovascular outpatient
visits at FMOLHSnonED facilities fprimary care centeysdata filesgenerated from EHRf
FMOLHS areused Filtered datasetfor diabetic and cardiovascular patients based on ICD9 and
ICD10 codesas primary purpas of visit are obtained andsaved as anothefataset.Patierts
diagnosed with diabetes or cardiovascular disaesiglentified using diagnosis codes for type 2
diabetes mellitus (ICD9 250i0250.9 and ICD10 E11.0 E11.9), hypertensive disease (ICD9
40107 401.9 and ICD10 110 116), and heart failure (ICD9 428i0428.9 and ICD10 150.0
150.9)in the dataset#s followed in Sectior8.3.1., atime periodof 36 months from Januady
2015 to Decembesl, 2017is usedfor this purposéy splitting it into equal half of 18 months
each Neighborhood andensus bloclgroupwise summarized layeesegenerated in the similar
wayto determine the block wise FMOLH®NRED facilitiesutilization.

Wi | ¢ o x o n 0k test iargl ©e&bhmpie aftest are used for answering this research
guestionAs mentioned imable3.4, locations fieighborhoodsand nsuranceategoriesare used
as factors an@D patient visits courdreusedasresponseslhenull hypothesis (HO), overall test
significance leveld) aresame ashat are usetb study FMOLHS ED patient visits due to the
expansion of Medicaith Section3.3.1..

Heat mapsveregenerated sing ArcMap to visualize theatient visits t&-MOLHS affiliated
primary carecentersand theirpatterns for a time period of 18 months before and after the
expansion of Medicaidnd they arementionedoelow:

1 Heatmaps to visualize the FMOLH&imary carecenterausage across the
neighborhood# the parish.

1 Heat maps to show tHeMOLHS primary care centengtilization with respect to the
insurance case in the parish

These heat maps waslerve the purpose alentifying and highlighing the major neighborbods
andwith greatelr-MOLHS outpatient servicegsage and overall utilization before and after the
expansion of Medicaid.

3.4. Impact of OLOL N orth Baton Rouge (NBR) ED
The OLOL NBR ED openedon Novemberl5", 2017 FMOLHS is interested in the impact that
this facility has had orpatient visitbehaviors within theFMOLHS. The research question
addressed heis:

1. Did ED visit patterns within FMOLHS change after the NBR facility opened?

The periodfor this analysis is from Octobédf', 2016 to Decembed1®, 2018so that there
are two equal time periods of 13 months and 15 days before and after the inauguration of OLOL
NBR ED.

Neighborhoodevel analysisis performedby spatially joining the geocoded FMOLHS ED
patient visits dataset with theeighborhood lagr of EBRP A detailed explanation for all the
methodss given in the following sections

3.4.1.Impact of NBR ED orFMOLHS ED Visit Patterns

Wi | ¢ o SignedB®ank Test and Onéample Ftestmethod in SPS®/ere used to identify the
significance of null hypothés The factors (independent variablesd responses (dependent
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variables) argivenin Table3.4 and thenull hypothesis (k) is thesame as isection3.3.1.. The
time period used forthis research question is 13 months and 15 days before and after the
inauguration of OLOL NBR EDHeat mapsregenerated to visualize the FMOLHS ED usage

and overall utilization rate in the parish and identify nieeghborhoodsvith greaer changes in
FMOLHS ED usage before and after the inauguration of OLOL NBR ED.
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Chapter 4. Medicaid Expansion Results and Analysis

4.1.FMOLHS ED Patient Visits Analysis due to the Expansion of Medicaid

To study the impact of the expansion of Medicaid over ED patierts \@sross the three
neighborhood categori¢®wer-income, medium income, and highecome neighborhoogisall

the patients that have at least one visit to the ED before or after 18 months of the expansion of
Medicaid are considered.he 58 neighborhoods EBRP classified into lower, medium, and
higher neighborhoodss showrin theFigure4.1. All the neighborhoods that are with $34,020 or

less median household income are considered as -loe@me neighborhoods.The
neighborhoods with $57,000 and less median household income are medium and the ones that are
with more than $57,000 median household income are higher income neighboffteodame
datasets are used for the analysis across different insurance estegori

PRIDE /
CHANEYVILLE

Legend N\

Interstates and Highways 4
EBR_Neigh_2016_Demographics
Neigh_Class y A
- Lower-income Neighborhood\‘l“l /,//
I:l Medium-income Neighborhooa\ gl
- Higher-income Neighborhood

0 1.2525 5 75 10
Miles

Figure4.1. Neighborhoods in EBRPBased or2016median householthcome leved

Thethree insurance categories that are considered in this study are Medicaid to Medicaid,
Other or no insurance to Medid, and Medicaid toother insurance. Medicaid to Medicaid
insurance category refers to all the patients who had Medicaid before the expansion of Medicaid
and remained in Medicaid after the expansiother or no insurance to Medicaydoups all the
patierts who changed their insurance from either private insurance, Medicare or no insurance to
Medicaid after the expansion. The third insurance category named Mediadlietinsurance
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groups all the patients who changed from Medicaid to private insuranbtedicare or no
insurance after the expansion of Medica@idother insurance category nameitier insuranceo
other insurance which refers to all the patients with private insurance to private insurance category,
Private insurance to Medicare, no insuete Medicare, no insurance to no insurance etc. A list
of all the insurance types that fall under other insurance to other insurance category are mentioned
in Appendix K.

This research study focusses on FMOLHS patient vistiereis a group ofpatientswho
visited any FMOLHS facilityonly before the expansion of Medicaad did not have any visits
after the expansion. Similarly, there soghergroup of patients who did not have any FMOLHS
facility before the expansion of Medicaid but visited a faconly after the expansioBince either
the before or after insurance type of these patients remain unktimse, patients would not fall
into any of the three insurance categor{®tedicaid to Medicaid,Other or no insurance to
Medicaid and Medicaidd other insurancepat are focused in this research stulhye insurane
categorybased analysis consigeonlythose patients who had at least one visit to any FMOLHS
facility both beforeandafter the expansion of Medicaith other words, for neighbodod level
ED analysis, all the patients who visited a FMOLHS ED facility at least once, irrespective of before
or after the expansion of Medicaid are considered. But, for insurance level analysi3 ptteents
whose insurance case before and after #p@amesion of Medicaid are known are considered. For
example, if a patient visited an ED facility only once before the expansion of Medicaitiad
any FMOLHSfacility (not necessarily an ED facilit@fter the expansion of Medicaid, the two
insurance ases (both before and after Medicaid expansion) are kifmwthis patient Though,
this patient visited an ED facility only once (only before the expansion), this patient is considered
in the insurance | evel a n al ynsurapce sases are@ kndawh.i s p «
Whereas, if a patient visited an ED facility only once before the expansion of Medicaid and did
not visit any FMOLHS facility (both ED and ndeD facilities) after the expansigrhigher
insurance case after the expansion of Maidi is unknown and this patient is excluded from the
insurance level analysis.

4.1.1.ED Patient Visits acrodseighborhood Categories EBRP

To understand the impact of the expansion of Medicaid over the FMOLHS ED patients count,
FMOLHS ED patients count bef® and after the expansion of Medicaid are prepared and shown

in Table4.1. There is a 25% increase in the ED patients count after the expansion. From ethnicity,
there is a 22% increase in White/Caucasian patientheg ED and 32% increase in African
American patients to the ED facilities. From the insurance categories, the number of patients under
Medi caid had the highest increase in the pati
the number of patientsith no insurance are reduced after the expansion. From the neighborhood
median household income levellse number of patientom lower-incomeneighborhood$ad

the highest percentagecrease
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Table4.1. FMOLHS ED patients counts in EBRP before and after Medicaid expansion

Patients count with respect to
Medicaid expansion
Before expansion | After expansion | Change
Total 71,927 90,099 25%
Gender
Female 37,614 47,011 25%
Male 34,309 43,054 25%
Ethnicity
White/Caucasian 19,907 24,322 22%
African American 43,620 57,478 32%
Asian 2,956 1,790 -39%
Hispanic 2,703 1,719 -36%
Other 1,270 3,258 157%
Insurance Type
Medicaid 26,190 42,309 62%
Medicare 13,277 16,697 26%
No insurance 14,324 11,157 -22%
Private Insurance 15,783 14,139 -10%
Age
0-17 17,435 22,863 31%
18-34 18,346 22,919 25%
3550 13,038 16,393 26%
51-64 11,038 13,691 24%
65 and over 12,070 14,233 18%
Income Levelg
Lower 25,155 32,582 30%
Medium 21,221 26,071 23%
Higher 25,551 31,446 23%

* Median income levels of patients' neighborhoods

To enhance the understanding 6MOLHS ED patient distribution across each
neighborhood in EBRP, the rate of ED patients in each neighborhood is obtained for both before
andafter the expansion of Medicaid. This ED patients rate is the ratio of the number of FMOLHS
ED patients from each neighborhood and the total population of that neighborhood from 2016
census data. The ED patients rate before and after the expansion cditMadicmappedn the
EBRP map layeand shown irrigure4.2. From this figure, it is observed that the rate of FMOLHS
ED patients is increased in most of the neighborhoods with lower median household income levels
after the expansion of Medicaid.
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Figure4.2. FMOLHS ED patients a) before and b) after the expansion of Medicaid

Table4.2. ED patient visits Wilcoxon's SignedRank Test and Onr8ample Fest statisticacross
each neighborhood category

ED patient vi

sits

(# After Visits - # Before Visits )

ED

Region |patientgbefore’| after”

%

increase

One-Sample Test
95 %
Lower

Cl
Upper

Mean
Sig. | @

Wi | co
Test Sig.

Overall EBRP |14438412813313551(

5.80%

<0.0001 |<0.00010.057 0.04 | 0.06

Lower-income

neighborhoods| 50,562 |47,997| 52,302

9.00%

<0.0001 <0.00010.085 0.07| 0.1

Medium-income

neighborhoods | 42,244 |37,092| 38241

3.10%

<0.0001 <0.00010.027 0.01 | 0.05

Higherincome
neighborhoods| 51,578|43044| 44,967

4.50%

<0.0001 <0.00010.037 0.02 | 0.05

* before/after the expansion of Medicaid

% increase: % increase in overall ED visits after theesjpn compared to before visits.

Meanm: mean of

di fference
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To further analyze the number of ED patient visits and their significant change according to
the expansion of Medicaid, the total number of patients falling in eack aétghborhood income
level categories are calculated and their number of ED visits before and after the expansion of
Medicaid are generated. The results are representeabia4.2 for overall neighborhood in the
parish and each of the neighborhood category.
FromTable4.2, it is identified that theaumber ofED visits after the expansion of Medicaid
are greater than that of the before visits for overall EBRP. There88@iicrease in the ED visits
after the expansion of the Medicaid in EBRP. To further validate these results and identify the
significant changes in the ED v-$Sampld Best (toVi | ¢ o x
generate the 95% confidence intenaak} conducted in each of these datasets of ED patient visits.
The SPSS code that is used to perftrase testfor overall EBRPare mentioned below:

NPAR TESTS

/WILCOXON=BF_MedExp_Visits_Count WITH AF_MedExp_Visits_Count
(PAIRED)

ISTATISTICS DESCRIFIVES

IMISSING ANALYSIS

T-TEST
ITESTVAL=0
IMISSING=ANALYSIS
IVARIABLES=Visits_Difference_Magnitude
ICRITERIA=CI(.95).

The variable namesnumber of before visits, number of after visits, and
visits_difference_magnitude are maintained the damall the datasets in this study. The settings
like criteria for confidence interval=95% and test variable to compare=0 are same for all the tests
performed for the expansion of Medicaithe same SPSS code that is used above for both
Wi | ¢ o x o n GaskteSt angl @reSdampR Ttestis used for the individual patient visits dataset
for the three neighborhood categories.

The results obtained from theSawWwlelfesifoonds S

overall EBRP and each of the neighborhood categmryshown in the second half Bdble4.2.
Wilcoxon's SigneeRank Test shows that the expansion of Medicaid did elicit a statistically
significant change in FMOLHS ED patient visits across all the overall EBRP-24.£33, p <
0.0001) For overall EBRPthe mean difference of tmumber ofafter visits anchumber ofbefore
visits is 0.051 with the upper and lower CI limits of 0.04 and Od¥pectively This proves that
thenumber ofED visits after Medicaid Exparmi are significantly higher than thember ofED
visits before Medicaid Expansia@ctross EBRP. As stated Trable4.2, there exists a significant
increaseof 5.8%in theoverallED visits after the expansion of tMedicaid.

By interpreting the results for the neighborhood categoriesWom c ox ond6s -t est
Sample Ttestfrom Table4.2, the expansion of Medicaid did elicit a statistically significant change
in FMOLHS ED patient visits across all thewer-incomeneighborhoodin EBRP (Z =14.979
p < 0.0001)The mean difference and the 95% confidence interval obtained frorS&mple F
test resultgor lowerincome neighborhoodsirther confirm that the 9% increasetire ED visits
after the expansion of Medicaid is statistically significant.
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For both medium andigh-incomeneighborhoodsWi | ¢ o x o n 6 s teSts showdhdt R a n k
the expansion of Medicaid responsible for statistically significant change in FMOLHS ED
patient visitswith p < 0.00A. OneSample Ftest results further confirm that tBel% and 4.5%
increase in the ED visits after the expansion of Medit@idnedium income andigh-income
neighborhoods argtatistically significant.

4.1.2.ED Patient VisitAcross Insurance Categories in EBRP

The three insurance categories that are considered for the study are Medicaid to Matheaid,
or no insurance to Medicaidnd Medicaid t@therinsuranceThe overall number of patients with
the counts of ED visits befe and after the expansion of Medicaid sttewnin theTable4.3.

Table4.3. ED patient visits Wilcoxon's SignedRank Test and Or8ample Ftest statistic$or
different insurance category

ED patient visits (# After Visits - # Before Visits )
One-Sample Test**
Insurance ED % Wil co Mean9 5 % C|
Category |patientsbefore* after* |increasq Test Sig.| Sig. | o |Lower|Upper
Overall 29,271151,085/44,162 -13.6%| <0.0001 |<0.0001-.237| -.27 | -.21
Medicaid to -
Medicaid 11,015(19,081(17,084 -10.5%| <0.0001 [<0.00010.181 -0.23|-0.13
Other or no
insurance to -
Medicaid 4598 | 8,728 |6,596| -24.4%| <0.0001 [<0.000]0.464 -0.54|-0.39
Medicaid to
otherinsurance| 416 472 | 586 | 24.2% | <0.0001 | 0.015|0.274 0.05| 0.49
Other to other
insurance 13,242(22,804(19,894 -12.8%| <0.0001 [<0.000]1-.220| -.26 | -.18

* before/after the expansion of Medicaid

** with test value=0

% increase: % increase in overall ED visits after the expaosimpared to before visits.

Meanm: mean of difference between before and aft
Only patients with ED visits both before and after Medicaid expansion are included.

From Table 4.3, there are 1,629 patients that belong to either of the three insurance categories
and are considered for the analy8iat, asshownin Table4.2, there are 114,384 patients that are
considered for the neighborhwaevise analysis. Though the same dataset is considered for both
neighborhood and insurance category analysis, there are only 11.1% of theldviega# patients
that belong to any of the three insurance categandare considered in this study. ThetrE3,232
patientsin the tablebelong to other insurance types like private insurance to private insurance, no
insurance to no insurance, private insurance to no insurance etc. Also, there is another group of
patients that did not visit any FMOLHS fagjlieither before or after the expansion of Medicaid
and their respective before or after insurance type would remain unknown. These patients are
grouped under Unknown before or after insurance case category.

Considering the 11,015apents who stayed in #tlicaid after the expansion bfedicaid
reduced their ED visits by 10.5%. Similarly, patients who changed dtberinsurance (private
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insurance or Medicare or with no insurance) reduced their ED visits by 24.4% after the expansion

of Medicaid. There aréewer patients that changed their insurance state from Medicaid to other
insurance (either private insurance or Medicare or none) increased their ED visits by 24.2% after

the expansion of Medicaid.By ob ser vi ng the results framh Wil c¢
OneSample TFtest, patients wittMedicaid to Medicaid Insurance catego®yfj | cox ondés Si g
Rank tests show that the expansion of Medicaid elicits a statistically significant change in
FMOLHS ED patient visits witreach of the three insurance categewith p < 0.0001.For

patients with Medicaid to Medicaid a@ther or no insurance to MedicadtegoriesDne Sample

T-test results further confirm that tHg®.5% and 24.4% reductionin the ED visits afte the
expansiorarestatistically significantThe patients who changed their insurance from Medicaid to

either Private Insurance or Medicare or none after the expansion of Medicaid, there is a significant
24.2% increase in the ED visits after the expansion of Meditaigking at the other to other

insurance category, there is a significant 12.8% reduction in the overall ED patient visits after the
expansion of Medicaid.

413 All0ver-ut il i zerso6 ED Patient Vi sits Across Nei

Utilizing ED for nonemergency medical needs is considereéd® overutilization and patients
visiting the ED four or more times in a year without hospital admission are defined as ED over
utilizers [2]. In this research study, a time period of one year before and one year after the
expansion (between July 1, 2015 and June 30, 2017) are detedentify the significant impact
of the expansion of Medicaid over the owitizers. The number of patients who had at least 4
nonradmit visits at all the FMOLHS ED facilities before and after the expamseselected and
are shownn Table4.4.

FromTable4.4, there is a reduction in the number of euélizers at FMOLHS ED facilities
after the expansion of Medicaid. Evidently, the major proportion ofotikzers are from African
American ethnicity group in both before and after the expansion. Considering the insurance types,
the major proportions of ovettilizers is covered by Medicaid and Medicare patieAfter the
expansion of Medicaid, thieighest reductio in overutilizers countis observedn no insurance
groupand a minimum reduction in the patients enrolled under Medigkiphr proportion of these
overutilizers both before and after the expansion are above 50 y&ars.the neighborhood
median houdwld income levels, number obverutilizers are more in loweancome
neighborhoods in EBR&nd the reduction is minimum in these neighborhoods after the expansion
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Table4.4. FMOLHS EDoverutilizerscounts in EBRP before and after Medicaid expansion

Over-utilizers with respect to
Medicaid expansion
Before expansion | After expansion | Change
Total 868 597 -31%
Gender
Female 416 270 -35%
Male 452 327 -28%
Ethnicity
White/Caucaisin 241 174 -28%
African American 593 411 -31%
Asian 14 6 -57%
Hispanic 5 1 -80%
Other 8 3 -63%
Insurance Type
Medicaid 299 281 -6%
Medicare 360 247 -31%
No insurance 127 26 -80%
Private Insurance 76 41 -46%
Age
0-17 33 25 -24%
1834 143 115 -20%
3550 170 131 -23%
51-64 283 188 -34%
65 and over 239 138 -42%
Income Levels*
Lower 351 271 -23%
Medium 249 149 -40%
Higher 268 177 -34%

* Median income levels of patients' neighborhoods

The ovetutilizers of FMOLHS ED facilies before and after the expansion of Medicaid are
mapped over EBRP neighborhoods layer and showrFigure 4.3. In this figure, each
neighborhood is colecoded to highlight its respective median household indered and each
overutilizer is shown as a dot in the map. It is observed that the number editdizars before
the expansion are concentrated more in the lomeame neighborhoods compared to the medium
and higher income neighborhoods. After the espam the number of ovartilizers that are shown
as dots are reduced in the medium and higher income neighborhoods. The density of dots in the
lower-income neighborhoods is slightly reduced in the second nfagume4.3 which states that
the density of oveutilizers is reduced in the low@ncome neighborhoods after the expansion of
Medicaid.
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Figure4.3. FMOLHS EDoverutilizersa) before and b) after the expansion of Medicaid

Table4.5.Overu t i | EDzVEsitssWilcoxon's Signe®Rank Test and OrBample TFtest
statistics across Each Neighborhood Category

ED visits by over-
utilizers (# After Visits - # Before Visits )
Over- One-Sample Test**
utilizers % Wil co Mean9 5 % CI
Region count |before*| after* increasq Test Sig.| Sig. | g |Lower[Upper

Overall EBRP 1,320 | 7,793| 5,800| -26% | <0.0001 [<0.000]1-1.51| -1.89|-1.13
Lower-income
neighborhoods | 550 | 3,354| 2,817 | -16% | <0.0001 [<0.0001-0.98| -1.61|-0.34
Mediumincome
neighborhoods 359 | 2,191| 1,424| -35% | <0.0001 [<0.0001-2.14| -2.85|-1.43
Higherincome
neighborhoods 411 | 2,248| 1,559 | -31% | <0.0001 |<0.0001-1.68| -2.32| -1.04

* before/after the expansion of Medicaid

** with test value=0

% increase: % increase in ED viditg overutilizersafter the expansion compared &fdre visits.

Meangp: mean of difference between before and aft
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Neighborhood wise ED visits by ovatilizers before and after the expansion of Medicaid
between 2015 and 2017 are shownTiable 4.5. This table also has the outputs from the
Wil coxonds Si gn e-SampReatest fort thee €D visitsnbyg ovéitiizers dataset.
With a reduction of 31% ovattilizers after the expansion of Medicaid, it is observed that the ED
visits by overutilizers across EBRP is significantly reduced by 26%. In each neighborhood
category, the visits by owettilizers to the ED facilities are reduced after the expansion of
Medicaid. In the loweincome neighborhoods, the reduction in the visits is minimampared
to the medium and high@ncome neighborhoods.

FromTable45ther esul t s from Wil coxonSampleJtesyptoved Ra n k
that the expansion of Medicaid had a significant impact oroteeu t i | i zvesits acdoSSE D
EBRP and the @46 reductionin thdr ED visits is statistically significaniThe 95% confidence
interval with lower and upper limits 61.89 and-1.13 and a mean e1.51 states that there is a
reduction of 1.5 mean visits pever-utilizer across overall EBRPThe change in the ED visits
by ovetrutilizers acrossthe lower-income neighborhoods significantdue tothe expansion of
Medicaidwith a reduction of 1 mean visit per oudilizer after the expansiof-or both medium
and highei ncome neighborhoods, Wil coxonds Signed
Medicaid did elicit a statistically significant change in FMOLHS ED patient \bgitsverutilizers
with p < 0.0001.Specifically, thelower and upper limits of 95% Clior mediumincome
neighborhoods are.85 and 1.48vith a mearreductionof -2.14 visits by oveutilizer. Similarly,
the higherincome neighborhoods have the 95% CI limits282 and-1.04with mean of-1.68
Hence, the On&ample THest results furthreconfirms that th&5% and 31% reductian the ED
visits by overutilizers after the expansion of Medicaid for medium income and high income
neighborhoods are statistically significant.

4.1.4.Discussion

In this section, the primary outcomes of the analysistlie ED patient visits and the over
utilization of FMOLHS ED facilities are discussed. Frdmble 4.1, it is clear that there is an
increase in number of patients to ED facilities of FMOLHS after the expansioaditdid.Table
4.2 states that there is a significant 5.8% increase in the ED visits after the expansion of Medicaid.
The main reason for this increase in visits is due to the increase in the number of patrethis afte
expansion.Table 4.2 highlights that there is a significant increase in the ED visits in all the 3
neighborhood categories. It is clear that, after the expansion, there is a significant increase in the
ED patent visits due to the increase in patients count.

Figure 4.4 shows a transition ohew patients in the 18 months after the expansion of
Medicaid in a split of 6 months with respect to 5 insurance categories.ifb@r&nce categories
are Medicaid, Medicare, no insurance, private insurance, and other insurance. From the insurance
category inTable4.1, more number of Medicaid patients started visiting FMOLHS ED facilities
after the expansion compared to the other insurance categories which are Medicare, no insurance,
and private insurance categoriegyure4.4 further helps in determining if this increase in the new
Medicaid patientso the FMOLHS ED facilities occurred in the firsiecond, or thiré months
after the expansion of Medicaitt is observed that there are more number of new Medicaid
patients visitedMOLHS ED facilities in the second and third 6 months after the exjpanef
Medicaid compared to the first 6 months after the expansion.
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Figure4.4. New ED patients count in transition for every 6 months after Medicaid expansion

As more number of patients started visitiflglOLHS ED facilities, and specifically there
are more patients who are under Medicaid started visiting the ED faaliteesthe expansiqiit
can be stated thaipansion of Medicaidid reducethe financial barrier to health @accesby
increasingthe accessibility of health care than it used to be before the expansion of Medicaid.
However, there may also be other factors like aging of population in EBRP, patients who might
be going to other health care centers and started visiting FMOLHS Eldaalter the expansion
etc. that may also be driving this increase in the number of patients after the expansion.

The insurance categories are based on the patients who visited a FMOLHS ED facility during
both before and after the expansion of Medic@ionsidering the insurance category analysis for
FMOLHS ED facilities, patients who stayed in Medicaid both before and after the expansion of
Medicaid significantly reduced their visits to ED facilities of FMOLHS. Their visits are reduced
by 10.5% in the B facilities. Patients who changed their insurance type from either Medicare or
private insurance or no insurance to Medicaid also significantly reduced their visits to ED facilities.
With 24.4%. Though there is an increase in the number of patient tasite ED due to the
increase in the patients count, there is a reduction in the visits by the patients who had visited ED
both before and after the expansion.

There is a great reduction in the visits by the patients who stayed or changed to Medicaid
after the expansion. Narrowing down to these patients subset and verifying their visits&D non
facilities, there are few observations ma@eit of 29,271 patients that were visiting both ED
facilities both before and after the expansion, 426 patientedtaiditing the noteD facilities
after the expansion. These 426 patients did not have aniDonsit of FMOLHS before the
expansion. Out of these 426 patients, 100 patients belong to Medicaid to Medicaid insurance
category, 140 patients did not have arsurance before but gained Medicaid after the expansion,
and 14 patients were under private insurance before and gained Medicaid after the expansion. This
behavior states that these 426 patients after the expansion reduced their ED visits and started
visiting the norED facilities. Since, these patients were visiting FMOLHS ED facilities but did
not visit any norED facilities before the expansion, they clearly are not new to the FMOLHS
system and thianderstanding strengthetie perception abouiis goup of 426 patients started
using norED facilities than visiting just ED facilities for their health care requirements.
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Looking at the oveutilizers of FMOLHS ED services, major proportion of these patients
belong to African American ethnicity. Therg a reduction in the number of owetilizers at
FMOLHS ED facilities after the expansion of Medicaid. The redudtidghe FMOLHSED visits
of overutilizers after the expansiaa significant across all the neighborhood categares the
reduction is fghest in the mediuamcome neighborhoods compared to the higher and lower
income neighborhoods.

The key points of this section are:

1 After the expansionf Medicaid there is a significant increase in patient visits in
FMOLHS ED facilitiesprimarily dueto anincrease in theumber(count)of patients to
these facilitiesand not to an increased rate of visits per patient

1 Thehighest increase in patients count is observed in the EDs by patients that are already
enrolledin or changedo Medicaid after thexpansion.

1 The increase in the patients cotmthe FMOLHSED facilities after the Medicaid
expansion is higher in lonncome neighborhoods of EBRP.

1 Considering the patients who had visits to FMOLHS ED facilities during both before and
after the expasion of Medicaid, @roup of 426 patients started visiting RBD facilities.

1 The number oFMOLHS EDoverutilizerswasreduced after the expansion of Medicaid.
The reduction in FMOLHS ED ovattilizers count is highest in the meditintome
neighborhood compared to the higher and lower income neighborhoods.

4.2.FMOLHS Non-ED Patient Visits AnalysisDue to the Expansion of Medicaid

In this study, ptient visits to either primary care centefSSMOLHS are consideed as on-ED
visits. This research study fasses on the impaof expansion of Medicaid over albbn-ED patient
visits, patient visits fotype-2 diabetes and cardiovascular diseases.

4.2.1.All Non-ED Patient VisitsAcross Neighborhood Categories in EBRP

The number of patients to the n&D facilities kefore and after the expansion are mentioned in
Table 4.6. There is an increase of 26% in the +KID patients count after the expansion.
Specifically, the counts of patients under Medicare are increased by 49%efblbyvthe Medicaid
which is 22%From the neighborhood median household income levels, number of patients from
mediumincome neighborhoods increased with the highest percectageared to the lower and
higher income neighborhoods.
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Table4.6. FMOLHS nonrED patients counts in EBRP before and after Medicaid expansion

Patients count with respect to
Medicaid expansion
Before expansion | After expansion | Change
Total 70,382 88,551 26%
Gender
Fenale 37,754 48,723 29%
Male 32,627 39,822 22%
Ethnicity
White/Caucasian 25,165 35,548 41%
African American 24,883 35,243 42%
Asian 1,746 1,811 4%
Hispanic 175 70 -60%
Other 14,367 10,921 -24%
Insurance Type
Medicaid 25,852 31,453 22%
Medicae 6,075 9,082 49%
No insurance 7,789 8,273 6%
Private Insurance 23,151 26,612 15%
Age
0-17 910 667 -27%
18-34 2,827 3,769 33%
35-50 8,346 11,264 35%
51-64 12,001 16,550 38%
65 and over 46,298 56,301 22%
Income Levels*
Lower 17,189 20,755 21%
Medium 22,202 29,337 32%
Higher 30,991 38,459 24%

* Median income levels of patients' neighborhoods

The nonED patients rate before and after the expansion of Medicaid are mapped on the
EBRP map layer amshown inFigure4.5. From this figure, it is observed that the rate of FMOLHS
nonED patients is increasdémbm below 20% to above 20% in meditintome neighborhoods in
the upper part of EBRP. The neighborhood named Central had the greatest increase-tals no
patients rate among all the neighborhoods from 13% to 32% after the expansion of Medicaid. From
Figure4.5, besidesnediummedian household income levelbich are situated in the upper part
of EBRP, there aréew higherincome neighborhoods and lowiecome neighborhoods that
experienced an increase in ABD patients ratafter the expansion of Medicaid.

45



a) before Medicaid expansion

b) after Medicaid expansion

Figure4.5. FMOLHS nonED patients a) before and b) after the expansion of Medicaid

Neighborhood wise Ne&D patient visits before and after the expansion of Medicaid
between 2015 and 2017 are shownTiable 4.7. This table also has the outputs from the
Wil coxonds Si gn e-8amplaTiekt fot tieendrEDegpatient V3its elataset. It is
observed thatMOLHS nonrED visits across EBRP is increased by 22.4%. In each neighborhood
category, the patient visito the NorED facilities are increased after the expansion of Medicaid.
But, in lowerincome neighborhoods, the increase in the patient visits is very less which is only
6.9% whereas in medium and higliecome neighborhoods, the increase in the patisits after
the expansion of Medicaid are 30.8% and 25.1%.

The results from Wil cox o3amde F®st grave that tha n k
expansion of Medicaid had a significant impact on the patient visits to theeNdEMOLHS
facilities across EBRRand the 22.4% increase in the NBD patient visits is statistically

significant.
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