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ABSTRACT

Providing comprehensive health care services tdha members in a community is
important for the achievement of health equity and forircieang a communi ty me mb
of life. However, there are amy disparities that exist in health eaervices that affect not only
individuals but also the entire community. Two importaatsons for disparities in health outcomes
are a lack ofccess to care and a lack of insurance covefagldress this issupublic awareness
and understanding of which groups are most vulnerable, and which interventions are most effective
is important In this thesis we developeffectiveinterventions to reducgisparities in community

health settings

First,we develop aintegrated model to examine the impact of bntieasing the current
government budget foFederally Qualified Health Centers=QHC9 in Pennsylvania and
expanding Medicaithrough relaxing the income eligibility litd. We consider the geographiad
denographicdifferences in our modgto consider the tradeoffsetween these two policieShe
objective of thigesearclis todevelop a methodology that will aid in findiagbalanced investment
between FQHC expansi@md relaxing Medicaid eligibility taniprove both access (by increasing
the number of FQHCsnd coverage (by FQHC and Medicaid expansidfg.develop a utility
based framework that we use in a mafiteria optimization modelThe comparison is achieved
by integraing thesemodels withpublically availabledata sets that allow for specific estimations

of healthcare need.

Or al health has been identified as having
health. In the second part of the thesie study theconsequenceof accesshatlead to these

disparites forchildrerts oral healthoutcomesWe examine the association between differences in



insurance types anaral health outcomespecifically our goal isto determine the factors that
would best address the disparity gap#fferences in oral health outcomes due to insurance
comprehensiveness would imply that Mediebased policies could be effective at addressing oral

health disparities.

Finally, we develomn integratedental supply and demand estimation model for Medicaid
children The model is based @®veral factors at the county level including income, population
density, and number of dentist®&e model is tested usirmpuntylevel data from the Center for
Medicaid and Medicare Services (CM®)e use the supply and dendgamodelto assesthetwo
interventions ofexpanding Medicaid eligibility and increasing Medicaid reimbursement fees in
order to increase oral health utilization, which is the key goal of the Oral Health Initiative of the
Center for Medicaid and MedicareSices.Furthermore, using mortlinear programmingnodel
we develop we find the optimal balanced investment between those two interventaynsach
state in the modeThe framework developed can be used by policy makers to determine the best

way to met the Oral Health Initiative.
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CHAPTER 1

NTRODUCTION

1.1 Background

Healthy People 202(1] defines ahealth disparitya s Afa particul ar ty
difference that is closely lidd with social, economic, amthvironmatal disadvantage Since the
1980stheU.S.Shas made substanti al progress in improyv
disparities To continuethis improvementpublic awareness and understanding which groups are
most vulnerable and which intervéans and policies are most effective are requ[@d Since
health disparitiesre not only a socioeconomic injustice but also economic cost buf@ed],
appropriatecost-effectivenessanalysis imeededo considerthe costs and theenefitsof different
interventionsn order to providéetter healttbutcomesThe method is used lgecision makerto
evaluate whether the improvement in health care outcdroges the inerventionjustifies the

expendiures relative to othenterventions

Several government agency reports have been released that discuss the current status of
health outcomes and related disparitiebe 2010 National Healthcare Disparities Repd#]
examined more than 250 measures and found that overall healtrueétg ig improving, while
disparities for minority and lowincome groups are increasifthe U.S. Department of Health and
Human ServicegHHS) releasedHealthy People 20201] that provided sciencebased, 18/ear
national objectives for improving the health of all Americdds. e o f | t ahieyehemlths i s t
equity, eliminate dispariti lesrivestaidedtfy hatgmwidev e t he

1



health improvement priorities and provide measurable objectives and goals that are applicable at
the naional, stte, and local level§heCenters for Disease Control and PrevenfioBdC) released

the CDC Health Disparities and Ineditees in the United State8011[6], thefirst in a periodic

series of reports examining disparities in selected social and health indicators. It consolidates the
most recent national data available on disparities in mortality, idityrbbehavioral risk factors,
healthcare access, preventive health services, and social determinants of critical health problems
in the United States by using selected indica®osh the HHS and CDC reports reveal that health

disparities remain a sigficant issue in the US.

Kilbourne et al. [7] suggestkey potential determinantsf health disparities from the
perspectiveof health services researchers, includimgjvidual, provider, and health care system
factors. Individual factors, such as race/ethnigjgnder, age, pevty level,culture,andeducation,
are all importanwhen seeking to understand the originbedlth disparitiedVost health services
research has focused on thiect of these individual factors anon emerging issues such as
individual preferences gpossible biological or genetfactors.Provider factorsan alsdnfluence
healthandhealthcare disparitiesThis includesias or stereotyping, especially within busalth
care settings, which in turn can adversdfgct patient engagement in cabeganization, financing,
and deliverywithin health care systemaso play a role in disparitie3.his includeslevel of

provision financial incentives to providerandhealth care system factors.

Three barriers that lead to disparitveseredefinedin HealthyPeople 202Q1]: (a) lack of
coverage, (b) lack of facilities, and (c) workforce shortagesgdio entry into the health care
system, particularly for catastrophic carpgopletypically need tcown sometype of insurance.
However,the number of people without health insurance across the nation is rising. Census data
shows that 50.7 million Americans were uninsured in 2009, an increase of 4.4 nfithimr2008.

The percentage of uninsurpdrsons in 201@as 16.4 %in the U.S.and 11.0%in Pennsylvania



[8]. This lack of adequate coverage makes it difficult for people to get the health care they need
and, when they deeceivethat care, burdens theffinancially. To ensure health equityuicent

policy efforts focus on the provision of government insurance covekdged i cai d i s t he
principal safetyget health insurance program, covering health anddiemg care services for

nearly 60 million lowincome Americans, most of whom would otherwise be uninsured.
Medi cai dbs enrollees include childrensamd pare
seniors. The eligibility rules for Medicadiffer by state,howevermost states offer coverage for

adults with children at some income level. In addition, beginning in 2014, most adults under age
65 with individual incomes up to about $15,000 pearywill qualify for Medicaid in every state

[9]. Although manyresearcherbave found that coverage status afe@trious healttoutcomes,
andasserthe necessity for expandingublic insurance like Medicaid, there $sant researcthat

presents approaches for htmbestexpand it.

Thelack of access to healdlervicess anothermportantissue It is well known that having
acaessto primary care has many health benefits including improvements in health[4@tL],
fewer hospitalization§12], more physician visitf13], more control over treatable disea$s,
15], and fewer preventable hospitalizatiga$, 17]. However, there are mameople that do not
have a source of primary caféhis maybe due to a lack of insurance, the fact that not all doctors
take Medicaid patients, or because of a limited supply of primary care physicians where they live
According to Kaiser Health Facte populationthat lives in primary care shortage areas in 2010
wasll.8 in theU.S.and5.9% in Pennsylvanig8]. Federally QualifiedHealth CentersHQHCS)
are one measurthe governmentuses to address thissise The FQHC Initiative is designed to
improve acces® primary care, particularly for needy populations. These centers provide primary
and preventive healthcare, outreach, dental care, some mental health and substance abuse

treatments, and prenatal caespecially for people living in rural and medically underserved



communities. Ove®0% of FQHC patientshaveincomes below200 of the federal poverty limit
(FPL), and overd0% of FQHC patients are uninsure@xpandingthe number oFQHGCs could
potentially increase access to primary care for those who currently do nobhave addition, it
could increase the availability of free or lower cost sep/doe those whaare uninsured, which
means itvould have theffectof increasing botlaccess to primamyareandprovisionof insurance.
As a result ohealthcare reform, $11 billiowill beprovided to expand community health centers

over the next 5 years (28102017) [1§].

Workforce shortages are one of the most challenigamgersto the adequate provision of
health services. The relationship between the number of primary care physicians@miheaith
measures has been studied at the state level. States with more primary care physicians have lower
mortality rates for a number of diseases and greater life expectancy, even after controlling for
income [19]. Many states are working to address their workforce recruitment and retention
problemswhile anticipating increasing shortages when newly insured people seek care as a result

of health care reform.

The 2010 National Healthcare Disparities Rep¢H] identified sevenpopulations with
special concernga)racial and ethnic minoritiegb) low-income groups(c) women (d) children
(e) older adults (f) residents of rural areaand(g) individuals with disabilities or special health
careneeds. Figure 1 summarizes the vulnerable population groups experiencing health care
disparities, barriers leading to disparities, and public safety netsunesato address these

disparities.



Public Measures

Vulnerable Populations

ARacial and ethnic minorities AlLack of coverage AMedicaid

ALow-income groups AlLack of facilities AFQHC (Federally Quallyfied
Awomen/ Children Aworkforce shortage Health Centers)

AOlder adults

AResidents of rural areas

Alindividuals with disabilities

Figure 1. Vulnerable populations, barriers, and public safety nets.

1.2 Research Objectives

Understandinghe keyfactors thatead todisparities while important,s insufficient for
making apprqriate changesto address disparitiedn this dissertationour goal is todevelop
decision making tooland strategiethatprovide guidance to policy makers in order to help address
disparities in health caii@ public health settingsThis includes the&levelopment of appropriate
measures and objectives, supply and demand models, health utility functions, and resource
allocation models. In each case we apply the developed methods to publically available healthcare
models and show the corresponding impements that would be achieved by the various

interventions
In order to achieve this goal, thrkey research challeng@eed to be addressed. They are:

1. Determining an appropriate quantitative objective that will be used to drive the decision
makingmodel The challengés two-fold. First, in public health settings a social perspective is used,
which includes actual expenses, quality of life, and the burden of future conditions. In theory we
would like an objective that maximizes the overall socialtheand wellness of the population of

interest. Unfortunately, there is no clear definition of what this means in practice. Second, most
5



research in public health examines conditions individually. However, whenever resource
allocations need to be madejd across a portfolio of health conditions. We therefore need to be
able to make quantitative tradeoffs between conditions. For example, what is the tradeoff for
applying resources to address type |l diabetes versus cardiovascular disease? We radxe to be

describe in a quantitative way how to make those tradeoffs in any objective that we use.

2.Developing a framework that allows access and insurancentelasuredn the same scale
As mentioned previously, there are two approaches thatecarda to help improve health for at
risk populations: improving access to care and providing insurance forlFcarexample, access
to care for a community could be increased through the location of federally qualified health centers
in their geographicovicinity while insurance could be provided through Medicaid expansion.
However, there are four states that an individual can be in: no access, no insurance, access but no
insurance, and insurance by no or limited access. There is a value, or utilitingpfrbeach of
these states. A quantitative approach must be developed that quantitightyhaf an individual
in eachof those four states. Otherwise it is not possible to budget both interventions simultaneously

in a meaningful way.

3. Estimatingthe interaction between supply and demavidny intervention studies assume
that base conditions do not change. For example, if Medicaid fees are increased for dental
procedures, the focus is on supply elasticity. However, supply and demand are redateg|éx
ways. An accurate decision support model will not work well unless these interactions are

characterized well.

Throughout the dissertation, these challenges will continually arise. The novelty of the work

presented here depends on how well thesetbhallenges are addressed.



In this dissertation we focus on three problems in allocating resources in public health settings.
In particular,health care disparitiegrising from the lack of access and coverage are addressed
Table 1 showthe scopethe researchn each chapter, addressing one of more of the key research

challenges will be key.

Table 1. Scope of Research.

Disparities of Health Care

Disparity Access and Coverage Disparities of Children'®©ral HealthOutcomes
Chapter CHAPTER 2 CHAPTER 3 CHAPTER 4
Target I Low income . . .

Population | § Rural residents 9 Children 1 Low income children

. 9 Lack of Coverage 1 Lack of Coverage

Barriers 9 Lack of Facilities T Lackof Coverage 1 Workforce Shortage
Public T FQHCs . .

Measures | § Medicaid T Medicaid T Medicaid

1 Optimal location of

1 ExpandingMedicaid
enrollees
IncreasingMedicaid
Reimbursement rase

FQHCs
Balanced investment
betweerMedicaid and
FQHCs

9 Fluoride

Interventions 1 Medicaid Utilization | |

Goal

Improve coverage and
access for vulnerable
populatiors

Reduce the gap of dental
health statusdtween
chil dresnods

Maxi mi ze chi
Medicaid beneficiaries

Two important interventions for improving disparities of health care are increasing access
to care and/or providing insurance terigk populationsln Chapter 2ywe constructa multi-criteria
optimizationmodel to findoptimal FQHC locationsnd corresponding service selection in order
to improve health outcomes for vulnerable populatiohsUS adults FQHCs and Medicaid
expansiorhave bolh been associatedith redu@d health disparitiesPrevious literature has not
addressed how to consider investments in both options simultanetheskey is the development
of a quantitative set of objectives. We develagiaistical technique to weigkhe importance of

various conditions as well as a local estimation method for prevalence.
7
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with an estimate of the likelihood of a FQHC visit allows for a comprehensive objeétive.
combination of supported health care and comgmsive health insuranagan most effectively
reduce health disparitieg/e alsodevelop a utilitypbasedramework to equivalently measure the
value of access and insurance forisk populations. This allows ue optimally balancehe
investment betweeRQHC and MedicaicexpansionThe analysis is done from the perspective of

the state of Pennsylvania. The approach is generalizable to other states where cost data exists.

In Chapter3, disparitiesin childrerts oral healthoutcomes are addresseddral hedth
improvementsare unequalamong subgroups of the U.S. population defined by socioeconomic
status, disability status, race or ethnicity, and other facféesanalyzewhich interventionswith
respect to coverageork for different subgroupsanddetermire how to besteduce these gaps.
Important in this analysis are the combination of supply and demand factors. We see that health

outcomes are positively impacted by Medicaid expansion policies.

In Chapter 4we developan integrateddental supply and desand model for Medicaid
children to asses$l) expanding Medicaid eligibility and (2) increasing Medicaid reimbursement
levels. An empirical econometric model is developed, and parameter estimates are found using data
from the Center for Medicaid and Medie Services (CMS)ontrolling for sociedemographic
factors We test the validity of the model by using later data not used in the parameter estimation
models.A nonlinear programmingramework is then developed and applieddeterminethe
optimal balaesed investment between those two interventidis. see that there are significant
state effects. The importance of this is that the best policy for one state is not necessarily a good

policy for another state.

Discussion of conclusions and future reseanehdiscussed in Chapter 5. Details of data and

model development are provided in various appendices.



CHAPTER 2

THE IMPACT OF FEDERALLY QUALIFIED HEALTH
CENTERS & MEDICAID ON DISPARITIES OF CARE

In this Chapter, w address thgroblemof finding the beg mix of community health
policies using federally qualified health center (FQHC) and Medicaid expansion from the state
perspective. The specific focus isstapport vulnerable populatiemnd address disparities of care
Section 2.Ipresentghe backgroud and literaturegeview around this topicSection 2.2resents
the FQHC locationand service location multiriteria optimization model for given budget and
applies itto the state of Pennsylvanias an exampleln Section 2.3a utility-basedmodel is
developed to find the bebalanced investment in FQHC and MedicaighansionThe previous

example for the state of Pennsylvania is used to illustrate.

2.1 Literature Review

By many measuresiFQHCs are improving the healthca@ many persons in the
communty. Research has found that they reduce hospitalizations, reduce mortality, reduce usage
of emergency rooms, and increasg#ization [13, 20, 21]. It has also been found that quality of
servicein FQHCsis comparable to other types of primary d@8, andthat they areosteffective
for Medicaid patients as compared to other sources off2&ar@3]. Although 75% of uninsured
persons in the United States repbit theyhawe a source of primary caré)is number increases
to approximately99 for FQHC users[24]. In addition with the passagef health care reform

(i.e., the Affordable Care Act)he importance of FQHLs growingas an integral compone#5].
9



To maximize théenefitfrom FQHCs, Griffin, et aJj26] developed moptimization model
to determinghebestFQHCIlocations the sevices to offer at each, and therrespondingapacity
level ofthoseservicesTheir method determirsthe best resource allocation over a netwarld
takes into consigation thatdemand for a service differs by location. The model incorporates the
fixed cost of openingfacility, the variable operating cost according to the level of capacity chosen,
and the demand for services from the surrounding area. The objective of the optimization model is
to maximize the number of patiergsrvedat FQHCg(i.e., that receive a primary source of care)
Since the objective is to increase the number of patients regardless of their current statof, some
the new persons servadhy not be part of a medically underserved population and switch from
hospital care to @arimary care physician at the FQHC. The solution, therefore, magduress
health care disparities for needy populations. In order to consider medical need, we estimate the
local demand according to current access and insurance status, and definéasgetgtoups. In
addition, we develop a muitibjective approach to maximize health care access, coverage, and

FQHC utilization in order to help reduce the aforementioned disparitmgcomes

There area few studies that explicitly consider how deliing care through FQHCs
compares to other alternativ€¥kada, et al.13] studiedthe effect of FQHCs and Medicaid service
on healthcare througbut surveys, andCunninghamet al.[27] useddata from the Community
Tracking Study and FQHC reports to compdhe impact of expanding FQHCs to increased
insurance coverag&hi and Steveng28] also compared the primary care experiences of FQHC
uninsured andMedicaid insured. Using three aspects of iprary care experience: access,
longitudinality, and comprehensiveness, they found that FQHCs could fill an important gap in
primary care for Medicaid and uninsured paterithey also report that Medicaid insurance

remains fundamental to high quality prip&areaccessevenwhenFQHCsare used
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These comparisons of delivery alternativi@aaweverdo not take into account the specific
location of FQHCs to improve a particular measure based on geographical and demographic
differences in communitiesind danot allow the policy maker to evaluate prescriptive alternatives
or to compare simultaneously different policy optiohe develop an integrated model to examine
the impact of both increasing the current government budgdt@iCs in Pennsylvania and
expanding Medicaid through relaxing the income eligibility limits. We consider the geographical
and demographic differences in our model and find a balanced investment between these two

policies.

2.2 Multi -objective Modelfor FQHC Locations

The djective of prevbus workfor finding the best FQHC locations s maximizethe
total number of people who can be served through@mEQHC network in a stateHowever,in
order to address disparities in health outcomes (in our case, utilizétiepppulationwould be
categorizedaccording to current access and coverage stltifferent groups should be given

different priorities based on their vulnerability

Table 2. Population group by access andoverage

We introduce a muHobjective model todeterminethe optimal FQHC locations

considering target groups with different prioritieserbandis estimatedased orcurrent access

overage No Pubic Private
Acce Insurance| Insurance| Insurance|
Undergrved a a a
Served a a &

and coverage stadin order totarget group preferentially
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2.2.1 Demand Estimation

Potentialdemand of each facility differs according to the level of need in the community,
which may depend osociocdemographicsprevalence of conditiongr other characteristics.
While natbnal data is publicly available for the prevalence of health conditiogs {ational
Health and Nutrition Survey (NHANES$29]), there is little data available for smaller regions such
as counties or voting tracts for several types of ¢adi In previous workGriffin et al [26]
derived local (county level) estimates using a tatage approachcombining data from the
NHANES and from the 6. Censuq30]. Figure2 shows the demand estimation procedseyl
started fronthe number of people im countybased orCENSUS data. Using local estimation
technique, the number of people in county witle tconditioncan then be estimatedThey
determined therevalence ohealthconditiors for specifieddemographic populati@based on
NHANES and CENSUS data usirggistic regression. After applying the likelihood @FQHC
visit, they estimatedhe numbe of people witha condition that would use a clini¢he average
number of encounters per pergsnhen estimatedvhich givesFQHC demandbased omumber

of encounters.

In this thesiswe expand their work bgpplying insurance and access informatimnt
CENSUS andViedically Underserved AreaMUA) data[3]], to estimatedemandfor the six
previously definedyroups.We use age, gender, race, income, and insurance status as explanatory
variables or the prevalence of condition in a logistic regression. Income and insurance type were
found to be correlatedin the model to predict prevalenogéconditions we used income, while in
the model for estimating likelihood of FQHC visit, insurance type used as these choices

provided the best fit. Details of the logistic regressions are provided in the Appendix.
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We alsoestimate the demand by current access stateess information of each county
level camefrom the U.S. Health Resources & Servicegvdistration HRSA) data[31]. HRSA
developsa medicakhortage designation criterittasedon geographic area, population growp
facility. This designation is called Health Professional Shoge Area(HPSA) or a Medically
Underserved Are@MUA). HRSA also provide apublically available HPSA data which contains
HPSA designation population by area. Wnputethe ratio of population who do not have access
by countyand comparthis designationgpulation to the CENSUS data. If a county does not have
any HPSA area, this ratio for the county will be zétowever,if a countycontainsanHPSA area,
population group, or facility, the ratio of the aggregated designation population to the total
populdion will be applied to the demand sén. order to illustrate the process, the demand
estimation for dental needs will be explained here. The detailed data for general and mental

conditions are provided in Appendix B.

CENSUS MUA
Insurance info. Access info.

Number of people g
CENSUS Number of people with condition Demand in

Number of people in county with that wosild sse a number of
in county condition encounters

clini

i a ~
$5c §&¢ AR §o0
TIO SSEL TS SRS
T L S /o L oK & &L
gFF YL £E¢ cef
~ T3
» S % \~ T S
A ~) 3 & g,‘?/u
&C & F° i
= Q s
$

D: din ber of ters
By 6 GROUPs

Figure 2. Demand Estimation Process

The NHANES subjects use@N=10,087)were all people who answered thertinent
demographi@and examinatiomuestionsTo predictthe prevalence obral health conditionswe

used the questiofrom NHANES askingwhether the respoedt had felt problems with teeth,
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mouth or dentures during thgastyear. As independent variables, we consider demographic
information such as age, sex, réatknicity, income and insurancetatus; allare categorical
variables. Thagevariablewas defned bythree categoriesbefow age 18 fibetween agel9 and

640,andi a §5a nd aboveo

Therace/ethnicityariable race has four categoriéisn @dispanic wited, i n édispanic
blacko, iHispani®, andfiOther® . | isgrouped intéi b e | o WFPLO,GIDO200%0 f FPLO
andfiabove200%FPLO. Insurancénasthree categoriesiPrivated, fiPublicd andfiUninsured. As
seenin Table 3, ageis not significantwhile sex, racksthnicity, andincome are significantThe
respondents whare femalenon-Hispanicblack,and less than 100% FRite more likelyto have
dental disease thdheir counterpartsable3 showstheestimated parameters and odds gtmnd
Table 4 showsthe probality that each demographic group has dental disegisee age and
insurance source are excluded, we have 24 demographic groups ¥4Seacex 3 Poverty

Levels), and the same probabilities fréable4 will be applied to all tb age and insurance groups.
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Table 3. Results from logistic regression model predicting demand of dental care.

Var. Categories Estimated Odds Ratlo P value
Parameters ™ point 95% C.L
Age 19 (vs. Age 65+) -0.0251 1.007 | 0.657 | 1.542 | 0.8636
hge Age 1964 (vs. Age 65+) 0.0569 1.093 | 0.945 | 1.263 | 0.5057
Sex Male (vs. Female) -0.0727 0.865 | 0.786 | 0.952 | 0.003
Mexican/Hispanic (vs. White) -0.028 1.111 0.93 1.326 | 0.5482
Race Black (vs. White) 0.1005 1.263 | 1.037 | 1.539 | 0.0909
Others ¥s. White) 0.0608 1.214 | 0.977 | 1.508 | 0.4176
Poverty FPL100% (FPL200% 0.1184 | 1.419 | 1.157 | 1.741 | 0.0626
Level FPL 100~200%FPL200%-4 0.1134 1.412 | 1.191 | 1.674 | 0.0362
Table 4. Probability of dental disease prevalencéy group.
Povaty White Black Mexican/Hispanic Others
Level

Female | Male | Female| Male | Female| Male | Female Male

FPL100% | 0.433 | 0.385| 0.478 | 0.429 | 0.446 0.398 | 0.455 0.406

FPL
100~200%

FPL200%+| 0.355 | 0.311| 0.397 | 0.350 | 0.367 0.322 | 0.375 0.329

0.432 | 0.384| 0.476 | 0.427 | 0.444 0.396 | 0.453 0.405

In orderto predict the number of people within each countyPé@mnsylvaniavith each
health conditionwe multiply the prevalence estimates by county cepspsilationdata for each
demographic category. For example, since the prevalgiuental diseas®r whitefemaleselow
100%FPLis 0433 we multiply the number i@entrecounty in that demographi8,079 by 0.433
Table7 shows the population and estimated number of people with dental diseasedasé¢his
the group, we have nine subgroups, and the total estimated demand of this group is 3,498. We
repeat this proceger each of th4 demographic groupd he totalsumis the overall estimate for

CentreCounty.
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Once the number of people witlentaldiseasés estimatedthevalue isconverted into the
number of peopl e wh o FQHC Withthht hekdEd egtimateothetikelihaed ¢ o u n't
of using an FQHC, we use results from a logistic regression model with the NHANES question
fiwhat kind d place do you go to most often: is it a clinic, doctor's office, emergency room, or
some ot heas the ftegponee?\ariable. The independent variables are made up of

sociodemographic information including age, sex, race/ethnicity, and insurance type.

Table5. Results from logistic regression model predictindikelihood of FQHC visit

Var. Categories P value
Parameters pojnt 95% C.L
Age 19 (vs. Age 65+) 0.019 1.234 | 0.847 | 1.798 | 0.8332
Age
Age 1964 (vs. Age 65+) 0.173 1.441 | 1.036 | 2.004 | 0.0139
Sex Male (vs. Female) 0.022 1.045| 0.925| 1.180 | 0.4800
Mexican/Hispanic (vs. 0.646 | 2.490 | 1.947 | 3.185 | <0.0001
White)

Race .
Black (vs. White) -0.141 1.133 | 0.885| 1.451 | 0.1152
Others (vs. White) -0.240 1.027 | 0.648 | 1.627 | 0.2284
Private Ins (vs. Uninsured) -0.479 0.422 | 0.298 | 0.599 | <0.0001

Insurance|

Public Ins(vs. Uninsured) 0.097 0.751 | 0.501 | 1.128 | 0.3827

Table 6. FQHCvisit probabilit ies from each group

Age 19 Age 19~64 Age 65+

HISIOarOthers White| Black HlsparOthers White| Black H|§par

White| Black| .
ic ic ic

Others

Private In{0.104/0.117|0.225|0.107|0.120/ 0.133| 0.253| 0.122| 0.086| 0.096| 0.190| 0.088
Public Ing0.172 0.190| 0.340{0.175|0.194/0.215| 0.375| 0.199| 0.143| 0.159| 0.294| 0.147
Uninsured 0.217] 0.238| 0.408| 0.221|0.244| 0.267| 0.445| 0.248/ 0.183| 0.202| 0.357| 0.294
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As seenin Table5, sexis aninsignificant variable whilage, race/ethnicity, and insurance
type have a significant relationship withhe likelihoodof using an FQHCThe respondents who
are19-64 years old, Hispanic, and public/uninsuaed more likelyuse FQHCs than other groups
Table5 showsthe estimated parameters aodrrespondingdds ratig, andTable 6 presentghe

probability that each demographic growitl use an FQHC

To estimatedemand in number of patient encountars,use the@verage number of annual
dentalencounters per dental usefHannsylvanig32]. Table7 shows the resulisf dental demand

estimation fronthe subgroup ohonHispanic vhite, Female, and Belot00%in Centre county.

Table 7. Estimated demand (nonHispanic white, Female, below 100%FPL, Centre County)

Population| Prevalence| People | Likelihood | Estimatel | Average | Estimated
with of using FQHC number of | Demand
dental FQHC dental dental
InsGrp Age disease user encounters|
per dental
user
(A) (B) (C=A*B) (D) (E=C*D) (F) (G=E*F)
19 649 0.433 281 0.104 29 25 73
Private | 19~65 3,726 0.433 1,613 0.12 194 25 484
65+ 0 0.433 0 0.086 0 25 0
19 1,048 0.433 454 0.172 78 25 195
Public 19~65 1,455 0.433 630 0.194 122 25 306
65+ 297 0.433 129 0.143 18 25 46
19 0 0.433 0 0.217 0 25 0
Uninsured| 19~65 904 0.433 391 0.244 95 25 239
65+ 0 0.433 0 0.183 0 25 0
Total 8,079 3,498 537 1,342

Finally, we want to estimate the demand by current access status. To obtain access
information at the county level, we use HRSA d@&4. For example, the underserved ratio in
Centre County i9.015 and the demated demand of neHispanic white females below 100%

FPL fromTable7 is 1,342. Therefore, demand is divided to that with access @03E5) and
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without access (1,34®.015). The applied ratios of underserved population ofre@ounty in

Pennsylvania are distributed between 0.85 with a mean value @.115.

2.2.2 Distance

Distance to an FQHC influences the likelihood that an individual will visataccount
for this, we determine distances between counties ftemsus latitdde and longitude data,
measured from the center of each couRIRSA has guidelines that access is desired to be within
40 minutes ofravel[33], which theydefine as between 28 miles of travel. We¢hereforemade
the likelihood of visiting a FQHC a decreasing function of distance, témaximum distance

defined by the guidelines.

We use four distance levels, indexedlbyvith the likelihood of visiting a FQHC of
distanceaway as0 which areP1 = 1.0,P2 = 0.75,P3 = 0.5, andP4 = 0.25. People in category
=1 are not willing to travel outside of their locati¢xn? up to 10 miled,= 3 up to 20 milesandl|
= 4 up 30 miles. For distances greater than 30 miles, the proyakak set to 0. For example, if
the distance betweenand z is 15 miles, that corresponds to level 3 and 50% of locatson
population is willing to travel to locationfor service.Patients from a county can be served by
more than one FQHC location.oiever, the total number of a county's patients served by all
FQHCs is constrained by the total demand from that cobigyre3 showsan example of Lebanon
Countyin PennsylvaniaLebanonCounty itself becomes levélsincethere is no countyess than
or equal tal0 miles fromthe center oL.ebanon DauphinCounty becomes levd, andthethree
counties of Berks, Lancaster, and Schuylkill are léveince they are located betweent@@0
miles from Lebanon. According to oursasnption of distanckevel and willingness of travel, only

25% of the population of Lebanon County would be served by FQHCs in all these counties in spite
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of the long travel distance, since they could travel to the level 4 county. Similarly, 50% of the
population would be served by FQHCs located in Dauphin or Lebanon County, but not travel to
the Berks, Lancaster, and SchuylKilbunties On the other hand, the maximum demand from

LebanonCounty which can be served by FQHC in Daupl@ounty will be 50% of Lebanon

Co u n tdemard.
Clumbia County TSI CReE COT
nion County
Carbon County
mberiand County.
level4 Mprthampton C
Schuylkill County
ta Co
Perry County Berks County
Buc
leveld
Mentgomery Cour
jmberiand Coun
Lancaster County
Chester County
*York County level4
Adams County
Figure 3. Example of distance levels
2.2.3 Model

Before the impact of investmentHQHC expansion can be compared to the alternative of
relaxing Medicaid eligibility, we must first determine the best waynvest inFQHCSs. In this
section we present a mutibjective model to determine the locatiorFgJHCs and which services

should be offered for a particular budget.

The following are theotation for thendices and parameters used in the model.
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Indices

“Q: FQHClocation

& : Population location

Q: Service type (GeneraDB/GYN, Dental, and Mental)
"Q: Capacity (small, medium, large)

a : Distance level (0, ~10mile, ~20mile, ~30mile)

“0: Insurance groupRtivate, Government, None)

“0: Accesgaccess, No access)

Parameter
FL: Annual fixed cost per location

"'V : Annualfixed cost per capacity level
"V : Annualvariable cost per service
YO : Reimbursement rate

6 @ : Number of patients of service type j that carsbrved at level k

Ca

: Maximumportionof zd&s popul ation thada can be ser\
3 : Demand for service j in county z of insurance and access group
a : Maximum demand of countythatcan be srvedby FQHClocatedin county i

(=0 & , if the distance betwedrandz corresponds to levél O otherwise)
‘™ :1if distance level between i and z is greater taahelse.

0 : Weight associated with séng a customer of service type j

We categorize demand by insurance and access group, which makes it possible to give
different priorities foreachgroup. We set the first priority to maximize insurance covewdge
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Equation @), which is the sum dbtal waghted number oéncountersor the uninsured population
('O o). The second priority is to maximize accegEquation @), which is from the underserved
population "©  ¢). Fnaly, we maximize utilization oFQHCs by providing the most weighted
servicesof Equation @). Note that this last priority is treame objective used @riffin et al.[26].

Estimation of weight for service typ0 could be found in Appendix C.

Objective:
1%t objective (Max Coverage):i A B x L( (1)
2" objective (Max Access):I A B x L 2)
3 objective (Max Utilization) : | A @ x L ©)
To define decision variablt! , We assume that the proportion of each grolgidHC

encounters Wl follow the same rate of estimated demand at the population location. This variable

is definedasthe ratio of each group in the estimated dem&  at the location to the total

number of encountersa ).

v ¢ e Q¢ THEORD (4)

The other constraints follow the work of Griffin et aj26]. Equation §) is the budget
constraint andequation @) ensureghat patients can only be served if there is capacity available
for them at that service levdtquation (/) states that there can only && many locations offering
service type as there are open locations, and, combined kgtlation g), implicitly requires that

patients of typgcan be served at facilityonly if that center is open and offering senjideéquation

8 ensures thatnly the proportion of patients that are eligible based on the distance calcaktion
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be servedEquation @) enforces the maximum total percentage of locatopopulation served by

locations more than each distance level away.

& A CVi 63Y U o) (5)
. . . (6)

U 6@ i Q¢ MQ
. . 7
| o Q¢ M0 S
" 0 ¢ Q¢ hoh™Q ®

f

. .- 9
U G "¢ "MGhQ ®)

2.2.4  Results

We solved the model using data for the state of Pennsylvania where locations were based
at the county level. Pennsylvania has 67 counties, and the full data for the model includinlg vari
and fixed costs, prevalence estimates, and demand estis\ges/ided in the AppendixThe
model was solvedsing SAS/OR. To see the effect of our moltjective model, we compared it
to the single objective versiagivenin [26]. The number of variables and number of constraints
areapproximatelys2 thousand, and it takes 5 miasto obtainthe solution for a single objective

problem and approximatel{t5 mirutesfor the multi objectiveversion
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2.2.4.1 Comparison between $hgle and M ulti -objective Problem

Table8 presents the results ftre percent of demantthatcan be served byQHCs when

a $50M budgets used

Table 8. Satsfied demand from optimal solutions with budget of $50M.

Single Objective| Multi Objective
Total Total 27.2% 24.8%
Access Group Served 28.7% 21.7%
Underserved 6.9% 67.1%
Insurance Group| Private Insurance 29.7% 21.4%
Public Insurance 25.0% 29.7%
No Insurance 20.7% 31.1%

For the single objective probler@7% oftotal estimated demanid servedby optimally
located FQHCs However, only 6.9% of the underserved and 20.7% of the uninsured groups

receives FQHC services.

For themulti-objective casgthe percenof total number of encountedgcreasefrom 27%
to 25%. This lower value occurs since we focus on specific vulnerable populdtmmghe
underservedroup,the percent of satisfied demaimtreass from 6.9%to 67.1%. Similarly, for
the uninsued group, thepercentaggoes up from @.7% to 311%. Note that although there is a
slight decrease in total number of encounters, there is a tremendous increase in the outcome of

utilization for needy populations, which was our goal.

Figure4 is a mapof Pennsylvania; darker areas correspond to those countiebiglir

underserved populatisnMarkers (x)show the FQHGCocations fromthe solution to the single
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objective model, anthe markers § are frommulti objective modelFigure5 shows the related

results for coveragén both figures, there is better targeting from the rmbifiective model.
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2.2.4.2 Comparison betweenDifferent Budgets

The solution from the optimization model suggests satisfied demand by the four service
types and so we need to aggregate them to estiwtal improvement. To do this, a transformation
function is developed based on importance of service fJpble 9 shows satisfied demand

percentage by service type for various budgets

Table 9. Satisfied Demand % by service type.

Satisfied Demand (%) Satisfied Demand (#)
Budget | Primary | OB/GYN | Dental | Mental | Primary| OB/GYN | Dental | Mental

(‘E) ('E) (‘E) ('E) (E) (E) (‘E) (‘E)

20M 18% 55% 0% 0% 695,995/ 16,681 | 188,018| 116,592
40M 36% 67% 0% 0% 699,478| 16,764 | 188,959| 117,175
60M 52% 82% 0% 0% 702,962| 16,848 | 189,900| 117,759
80M 66% 89% 0% 0% 706,445| 16,931 | 190,841| 118,343
100M 78% 100% 0% 0% 709,928| 17,015 | 191,782| 118,926
120M 89% 100% 0% 0% 713,412 17,098 | 192,723| 119,510
140M 99% 100% 0% 0% 716,895| 17,182 | 193,664| 120,093

160M 100% 100% 26% 36% | 720378 | 17,265 | 194,605| 120,677
180M 100% 100% 56% 50% | 723,861] 17,349 | 195,546| 121,260
200M 100% 100% 84% 67% | 727,345| 17,432 | 196,487| 121,844

Service typeweights were developdd [24], which we use her@.he detaiéd process to

obtainthe weighsis providedin AppendixC. Table10shows the weight and adjusted weidf#tt

surs toone.
Table 10. Adjusted weight for service type.
Primary¢: ) | OB/GYN(:z: ) | Dental¢: ) | Mental(: ) Total
Weight 0.88 1.20 0.07 0.05 2.20
Aﬁ;jﬁtd 0.40 0.55 0.03 0.02 1.00
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Among the four service tygeprimary cards abasic serviceand as seen ifiablel11, the
satisfiedprimary caredemandis larger than thethers.Starting withthe satisfied demand of

primary care services (), there aresight possible cases

Table11. Possible eight cases.

g Primary OYBI\/IG Dental | Mental Weight Portion

1 1 1 1 1 0 +0 +0 +0 =100% 0 x0 x0 %0

2 1 1 1 0 0 +0 +0 =98% 0 x0 x0 1-0)

3 1 1 0 1 0 +0 +0 =97% 0 x0 1-0 )x0

4 1 0 1 1 0 +0 +0 =45% 0 X(1-0 )x0 x0

5 1 1 0 0 0 +0 =95% 0 x0 1-0)X1-0)
6 1 0 1 0 0 + 0 =43% 0 41-0)x0 x1-0)
7 1 0 0 1 0 + U =42% 0 X1-0 ){1-0 )x0
8 1 0 0 0 0 =40% 0 X1-0 ){1-0 )X1-0)

The weights in Talel 11 are a measure of the quality levels each combination of services
compared to the case where all services are provided. It is calculated by adding the related weights
from Tablel10(x ). As an example, the sixth case ha8%o quality level compared with the case
all the services are served. Our goal is to determine the proportion of N1 to include in each case.
Under the assumption that receiving a specific service is independent of the provision of other
services, the poxin of each case is calculated by multiplying the percent@ge®i(the service
of Al10 wWal her of0p1lval patonoFsixthcasewd da@p(lL-6 )x0 {1k e
0 ), since the case represents that population whgegorimary and dental service but cannot get
OB/GYN or mental service. The aggregated percentage is obtained by summing the weighted

portions as follows:
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Figure 6 shows how the percentage satisfied demand will change according to budget
increase fron520M to $200M by different population grouf-igure 6A), and different service

type (Figure6B).
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Figure 6. Satisfied demand by increasing budget.

As the budget increases, fhercent ofatisfied demanithcreases asymptotically i®0%.

Tablel2s hows al | t he

Cc 0 u n tunderseved pdpwdatian percenag®hile f uni n.
the uninsured percentage has a higher mean than underserved, it has a lower standard deviation.
The uninsured percentage is distributethe range 010%-29%, and the underserved percentage

is in the range 00%-65% for all countiesThis impliesthat the access disparity between regions

is larger tharthe coverage disparity.

Table 12. Statistics of needy population percentages over all regions.

Meart StdDev Min Max
Uninsured % 17.2% 0.04 10% 29%
Underserved 9 11.5% 0.19 0% 65%

* mean of means for all the regions percentage
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2.3 Balancedlnvestment in FQHC and Medicaid

To improve the provision ofpublic healh, it is important to determine a balanced
investment across the portfolio of pai@hpoliciessince they are not independent of one another
We compare the effect of investment in FQHC expansion and Mediga@hsionconsidering the
appropriate tradeoff>QHGCs require a fixed cost to build and operatedmay also serve people
living in the area that are not among the needsthe other handvedicaid has no fixed caost
but may not be sufficient to increase accésiglitionally, if we increase new enreltsin Medicaid,
demand willshift from uninsuredto public insuranc@atients andtherewill be a corresponding
decrease in theariable cost of FQHCssince the reimbursement costwiinsured patients are

higher than others.

231 Utility Function

To properlycompare thémpactof FQHCs and Medicaidxpansion in the same units
utility function is developedPhillipset al [34] illustrated that patients receive care in an average
month according to four possible cas#shealth insurance and having a usual source of care
(having bothinsurance and source of cahavingonly insurancehavingonly a usual sourcef
care lack of bothinsurance and source of catEsed on the Medical Expenditure PaBeivey
(MEPS)[35]. They assert that access to a usual source of careaachge bynsurance have an
additive effect on care and health outcomes. We use these results to set a service quality score for
each case, arttansform these scores into utilitid@ble 13shows the differencefor how patients
receive care in physicianbs offices, hospital

Assuming that all the visit types have the same effect of increasing service quality, the number of
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total visits representthe quality levethatthe population receives. In order to determine the quality

scor e, the number of tot al vi sits 1is

adjusted
example, the score 50 for second group means that the population whicbaltih insurance but

no usual source of care obtains a 50% quality level when cedhjoea population that has both.

Table13. Difference between groups from the Medical Expenditure Panel Survey.

Health Health Usual source o] No health
insurance ang insurance but| care butno | insurance and
a usual sorce | no usual sourcq health no usual sourcg
of care of care insurance Group
Group Group Group
Physi ci an| 258 visits 119 visits 149 visits 62 visits
Hospital outpatient 25 11 15 10
clinic
Home health care 16 10 14 5
Emergency 13 8 3 2
department
Hospital 9 8 3 2
Total 321 156 184 81
Quality Score 100 50 55 25
*Qut of 1000 people in an average month
Improvement by Medicaid
+45
+25
A4
Status(®) Status@) Status®) Status@)
Health Insurance Health Insurance NO Healthinsurance NO Health Insurance
& & & &

a usual source of care

Quality score: 100

NO usual source of care

Quality score: 50

N

Improvement by CHC

a usual source of care

Quality score: 55

NO usual source of care

Quality score: 25

N

+30

Figure 7. Service quality scores for four possible statuses.
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Figure 7 shows the resulting service quality scores for the four possible statuses. In
particular thepotentialimprovements obtaadby either locating a FQHC or expanding Medicaid
coverageare shown. For example, if a perserin the fourth status (lowest quality score of 25),
there are two possibleprovements. If FQHC service becomes available, the individual receives
a usual source of care atitey will change to the third status (55 quality score). Therefore, this
movemeh is worth 30 points of improvement. If the individual becomes eligible for Medicaid
service, they move to the second status, and this change will be worth 25 points of improvement.

There aresimilarly two more improvements from the third and second status

Table14. Improvement type and weight| .

From Improvement| Improvement
Status Q| Q To Status P by V\F/)eight
9 No Insurance 3| 2 8 Insurance Medicaid 0.5
& No access & No access
9 No Insurance 3| 2 8 No Inaurance FQHC 0.6
& No access & Access
8 No Insurance 3 1 € Insurance Medicaid 0.9
& Access & Access
9 Insurance 12| 2 € Insurance FQHC 1.0
& No access & Access

Table14 shows howthe four types of improvement can be matched with our pojuma

group (QAQ al ong with the correspondiWegetthiseigst e d

by scaling the improvement values to mak@the largest improvement (from status2 to statusl).

According to Tabld 4, when we serve the populatidrat has insurance but no access with
a newly located FQHC, the health care quality shows the largest improvement, so we set that weight
to 1.0. If we serve the population that has access but no insurance with Medicaid, the improvement

would be0.9. For thepopulation lacking both, there could 84 improvement by an FQHC, and
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0.5by Medicaid. The following equation represents the utility function including both the Medicaid

and FQHC parts.

Y oo | o "N G (10

This utility can be applied to the FQHC location model as W8ld) Xg142is thenumber of
new Medicaid enrolesby population group, iij(y) is a transformation function that aggregates
the number of people who can get covered BRHC, and iii) weightMy4.is used for Medicaid
utility and (Fg12 for FQHC utilty. Table 15 indicatesthe weight U used in this model. Since a
potential Medicaid beneficiary should be curreiiiyhe uninsured population, it is not necessary
to defineU for theinsured groupd1=1, 2). In addition, to indicate the minimum improwar a
value 0f0.05 is assumefd o ¥ for the group that has a usual source of og2eX). As previously
discussed, the transformation functiffpn) will be nonlinear and solutions fox andy must be

integet The problem is therefore a mixed integenlireear program.

Table15. Weight | by coverage and access group

For
Coverage Access For FQHC(» T1 ) Medicaid0ﬂ| I )
Insured(Q=1,2) Served{Q=1) 0.05 -
Insured(Q=1,2) Undersered(Q=2) 1.0 -
Uninsured{Q=3) Served{Q=1) 0.05 0.9
Uninsured{Q=3) UnderservedQ=2) 0.6 0.5
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2.3.2 Demand Movement

Since FQHCs and Medicaid share the same demand, there could be a relationship between
investments in these programswi invest in Medicaid, thenewenrolleeswill be added, and this
demandshould bemovead from the uninsuredjroupto the public inswed group.Consequentlyit
will decrease theariable cost oFQHCssince the reimbursemerdte of uninsuredpatientsis
higher than othersTo account for this properly, it is necessary to adjust dene-~"  of the

FQHC optimization model using the number of new Medicaid enrollees.

Demand set structure Adjusted
Private Insurance Private Insurance
Public Insurance Public Insurance

.......
No Insurance No Insurance i
i P ofNoins. demand

* P: ratio of # new Medicaid enrollment to total uninsured population in PA

Figure 8. Demand adjustment from Medicaid investment.

Figure8 illustrates the adjustment. In the optimira model, demanc is defined

by county z service jinsurancegroup gl.and access groug®2. The demand set kigure8 could

be one for specific service, county, and access group. First, the ratio of edisal enroliment

to the total uninsured population in Pennsylvania should be calculated, which is called P. Demand
for the uninsured group will decrease by the same ratio P, and the same amount will move to the

government insured grouphe amount of deand movedo is therefore:

@ "Q¢ Gh@"O
5 m
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2.3.3 Process of Integrated Problem

Since he demand fothe urinsuredpopulation will move to the public insured population,
the portiony of the public insured group will be increased while the pomicthe uninsured group

will be decreased b0

C pgq U w FEEE— "Q¢ "THhAo (11)
¢ ¢q U @ — Q¢ A0 (12
C ogqg U o« — "Q¢ ThRC (13)

Sincex andy are both decision variables, these equations become nonlinear, and the model
turns into amixed integer nonlinear prograre linearizeEquatiors (11)i (13) by fixing the
portion of budget allocated to FQHC aedicaid expansion. Eleven different investment options
under the same total budget are set and each FQHC optimization problem is solved9 Figure

illustrates the procedure.

Assume Total Budget T

MEDICAID PART Utility function U(xy)
Assume R i Calculate Utility of
Medicaid Budget M #of Enrollment x Medicaid

CHC PART

Calculate
CHC Budget C=T-M

| CHCOptimal | [: :]
Adjusted
Model Demand Set

Transformation fun. f(¥) Utility function U(x,y)

Optimal Solution Aggregated Utility of CHC
y Num.
——

Figure 9. Integrated problem solving process.
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2.3.4 Results

We set the level of total budget to $300M, and make eleven different levels of investment
for Medicaid from 0% to 100% for the state of Pennsylvania. We determine the number of possible
Medicaid enrokkes andcorrespondingutility from the amount of Medidd investment and the
average Medicaid cost per enroliment. The average Medicaid cost was $5,300 peroikein
2009 with 34% of the costs providely the state government. In addition, the number of people
who are able to be served by FQHCs alontih e corresponding utilitis determined by the

FQHC optimization modelThe results are shown irablel6.

Table 16. Results from 11 problem sets with 300M budget.

Medicaid FQHC

No. bTotaI N Served N T(.)tcal

udget 1 Budget M | Enrollment|  Utility Budget C _ Utility Utility

population

1 | 300M oM 0 0 300M 1,456,641 169,694 | 158,631
2 300M 30M 5,660 4,913 270M 1,456,639 169,657 | 163,590
3 | 300M 60M 11,321 9,826 240M 1,456,629 169,647 | 168,569
4 300M 90M 16,981 14,780 210M 1,452,978 168,890 | 172,840
5 300M 120M 22,642 19,653 180M 1,431,563 166,543 | 175,669
6 300M 150M 28,302 24,566 150M 1,403,302 163,944 | 178,251
7 300M 180M 33,962 29,479 120M 1,174,824 149,177 | 169,770
8 | 300M 210M 39,623 34,392 90M 808,630 127,080 | 154,706
9 300M 240M 45,283 39,306 60M 438,399 89,868 | 124,918
10 | 300M 270M 50,943 44,219 30M 187,084 35,391 77,603
11 | 300M 300M 56,604 49,132 oM 0 0 49,132
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Total utility from the firstcaseis much higher than the eleventthichmeans that FQHCs
are nore cost effective than Medicaifl all of the resourcesire investednto a singlepolicy.
However,if both Medicaid and FQH@ceivean investment 0c$150M, the highestotal utility is

reached

Figure 10 shows theutility for each of the elevermnvestmentcases Medicaid utility
increass linearly, while FQHC utilitydecreasenonlinearlydue to economies of scalEhe basic

results are quite similar for different starting budget amounts.

==4==Medicaid ==ll=CHC All
250

200

=
A
o
]
‘
J‘

Ut|||t1y4(thousand)
a o
o o

O .
Medc| o | 30 | 60 | 90 |120 | 150 | 180 | 210 | 240 | 270 | 300

FQHC 300 | 270 | 240 | 210 | 180 | 150 | 120 | 90 | 60 | 30 | © |
Budget

Figure 10. Balanced investment in FQHCs and Medicaid.

As and additional example, we used the perspective that we only consider state government
spending on Medicaid (i.e., the federal match does not impact the state budget, which would mean
that Medicaid would hava lower average cost in the optimization model). In this case, the average

cost of Medicaid per enrollment would decrease to 34% of $5J200e17 shows the results.
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Table 17. Results with 300M budget ad reduced average cost of Medicaid.

Medicaid FQHC
Total Total
NO. | daet 1 . Served . li
udget 1 Bydget M | Enroliment|  Utility Budget C ) Utility Utility
population
1 300M oM 0 0 300M 1,456,641| 169,694 | 158,631
2 300M 30M 16,648 14,451 270M 1,456,639| 169,657 |173,127
3 300M 60M 33,296 28,901 240M 1,456,629 169,647 | 187,644
4 300M 90M 49,945 43,352 210M 1,452,978| 168,890 |201,452
5 300M 120M 66,593 57,802 180M 1,431,563| 166,543 |213,819
6 300M 150M 83,241 72,253 150M 1,403,302| 163,944 | 225,938
7 300M 180M 99,889 86,704 120M 1,174,824 149,177 | 226,994
8 300M 210M 116,537 101,154 90M 808,630 127,080 | 221,468
9 300M 240M 133,185 115,605 60M 438,399 89,868 |201,217
10 | 300M 270M 149,834 130,055 30M 187,084 35,391 |163,440
11 | 300M 300M 166,482 144,506 oM 0 0 144,506
==¢==\ledicaid ==ll=CHC
250
200 —
E) r
5 150 %7r
o
<
25100
5 \
50
° _m 120 | 150 | 180 | 210 | 240 | 270 | 300
Medc
300 | 270 | 240 210 180 150 120 90 60 | 30 0 |
FQHC

Budget

Figure 11. Balanced investment in FQHCs and Medicaid with reduced average cost of Medicaid.
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As seen in th&igure 11, the first and the eleventh instances of the problem are comparable
since the Medicaid utijt would be satisfied with less budget than the previous example. The
optimal option is seventh problem which means more investment for Medicaid ($180M) and less
for FQHCs ($120M). The important issue is that the model can be applied from both the state and

federal perspective. However, this could lead to different results.

2.4 Chapter Summary

Both Medicaid and FQHC expansion can improve health outcomes for the provision of
care to populations that are either uninsured or without any source of primary cgmeeséfea
multi-criteria optimization model for balanced investment in FQHCs and Medicaid that also helps

to identify the optimal FQHC locations and services to provide.

A benefit of the optimization model used in this work is that it considers the eQHEF
organizational network in the solutions including geographic information, local estimates of need,
and current health care access and coverage status. We recommend that the current coverage status
be considered as factor, since FQHCs play a more imgordle in primary care for uninsured
patients.Consideringooth access and coverage information can help policy analysts make better

decisions taeducehealth care disparities.

According toShi and Steveng8] , Medicaid remaingmportantfor high quality primary
care, even witlthe presencEQHCs. To improve public health care effectively, we shoaltsider
both policies, though it is important to find a balanced investment among thésmangtysis
showed that for the state of Pennsylvania, FQHCs are a more cost effective alternative for
increasing both access and coverage for smaller budgets, but that Medicaid ksebemedtcial

alternativeasbudgetsncrease
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It is important to mentiothat the data used in this analysis was publically available, and
so this study is replicabfer any state. It is also important to mention that there are significant state
differences including reimbursement rates, eligibility criteria, and demand feicee The
conclusions drawn for Pennsylvania are therefore not necessarily applicable to other states in the

UsS.

There are several limitations to this study. First, we suggest only the number of new
enrolleesfor Medicaid as a solution, so eligibilityqairemens related with this numbenustbe
decided by policy makers. It is common for persons who are eligible for Metbhaaidenroll for

a variety reasons. This can be an importamsideratiorfor Medicaid expansion.

Second, we assume there is mniled physician capacityBoth Medicaid andFQHC
expansion would requiran increase imfmedical personnel capacity. For FQHCs, the issue is
recruiting physiciansyith some in rural settings. For Medicaid, the issue is how many physicians
would participatein the Medicaid program, whether thepuld bewilling to accept new Medicaid
patientsand if so how manyNote that we do consider a supply model for the specific case of oral
health in Chapter 4l'he consideration of a supply model would be an impogatengon to the
work presented her€inally, we do not explicitly model other safety net providers such as hospital
sponsored outpatient clinics, and assume that the services they provide would be independent of

FQHC or Medicaid expansion.
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CHAPTER 3

THE IMPACT OF FLUORIDE & MEDICAID UTILIZATION

ON CHILDREN 8 ORAL HEALTH OUTCOMES

In this Chapter, we will study the association of fluoride and the comprehensiveness of
state Medicaid policy on oral health outcomes of children. The objective is to detdnown

effective these interventions are on reducing health disparities.

3.1 Literature Review

Oral health isan important componertf the overall health of individualg36]. The
SurgeonGeer al has decl ared that O6d6éoral dhengdft h i s
al | Ame[37) Furgher as3atiations between poor oral health status and other conditions such
asdiabetes and cardiovascular disease have been found. Among cluitarearal healtheads to
poor performance in school and poor social relationshipd these conditions have been shown to

continue to have an effect adulthood 3§].

According to a CDC Repof8Y], tooth decay affets more than ontourth of U.S. children
aged 25 years and half of those aged 12 years. About half of all children and t#hirds of
adolescents aged 1119 years from loweincome families have decaRisparities in oral health
outcomes also exist amg children For example, 40% of Mexicalimerican children agedi 8
years have untreated deascompared with 25% of neHispanic whites. Among all adolescents

aged 1219 years, 20% currently have untreated dethgse oral health problems are codigch
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year, Americans mak®ughly500 million visits to dentistsand h 2010 an estimated $108 billion

was spent on dental services in the United States.

Several previoustudiedooked at the impact of different factors oral health outcomes.
FisherOwens et al. [35] and Patrick et §110, 41] described a multilevel conceptual model with
the individual, family, and community lelgeof influence on oral health outcomékay and et al.
showedthat number of dental visits had a negative effect on the number of decayed teeth,
demonstratinghe beneficial effect of dental cafd2]. Griffin and et al.examined the impact of
two financing strategiesncreasing Medicaid dental reimbursements and providing school sealant
programs and found thaboth strategies can be effective in increasing sealant prevdisjce
Decker and et al. alshowedhathigher Medicaid payment levels to dentists were associated with
higher rates of receipt of dental care among children and adoleptdn®everaktudieg45-4§
have showrthat community \ater fluoridation haa positive effecton dental health status, aad
metaanalysis[11] was performed otthe 21 studies used in the evidence review on community
water fluoridation, the suitability of the study designs, and quality of the evidence dstdrtaine

the magnitude ots effectiveness.

Therehave beerseveralstudies aboubral health disparitiesNash and Ismail found that
dental insurance is often considered one of the prifi@gitprsto maintaininggoodoral healti49,
50]. Several epirical studies have documentti lack of access to dental insurance as a factor

for widespread dental caries in young childigh55].

Oral health improvements havmt beenequalacrosssubgroups of the U.S. population
defined by socioeconomic status, disability status, race or ethnicity, andamttoes ft is therefore
necessary to anaghow these interventions work for different subgroups and find a way to reduce
these gaps. In this study, w&aminethe association o€hildrerts oral health status by insurance
type using data from thidationalSurvey of Childrents Health NSCH).
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3.2 Inequality of Children & Dental Health Status

This NCHS surveyprovides data othe physical and emotional health of childreto Q7
years of aggs6]. The data haapanel structure composed of 51 stdeach state has 15@02000
responss) overtwo time periodg2003 and 2007 Respondentselfreporttheir oral heah status

as one of five categoriesxcellent, very good, good, fair, andgpo

Table 18 showsthe responses for the seaifportedoral healthquestion.The majority of
the respondenthadreportedthat theiroral healthstatusis excellent or very good. The weighted
mean is 2.01 (1.99.02) for year2003and 1.93(1.91-1.95) for year2007, which means that the

oral healthstatushas significantly improved over time

Table 18. Selfreported oral health score from NSCH 2003 and 20Q7

How would you describe theondition of teeth? Weighted
Total
year ‘ Very _ Mean (95%
Responses Excellent(1) g00d(2) Good(3)| Fair(4) | Poor(5) C.1)
44254 25478 | 18742 | 5597 | 1530
2003 | 95,601 2.01(1.992.02)

46.3% 26.7% | 19.5% | 5.9% 1.6%

44438 | 21622 | 15619 | 4014 | 962
2007 | 86,655 1.93(1.911.95)
51.3% | 250% | 18.0% | 4.6% | 1.1%

We hypothesizéhat type of insurancenpactsthe oral healtlstatusin children Table19
showshealth insurance coverage of the total population and children whel&rgears oldNote
that 10% of children (approximately 8 millionyemain uninsured, including 5 million who are

eligible for Medicaid and SCHIP barenot enrolled57].
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Table 19. Insurance coverage statics

Private Medicaid& ) )
Other Public Uninsured
Insurance SCHIP
Total Population 54% 16% 13% 17%
Children 55% 34% 1% 10%

*USA 2008~2009 from KaisebtateHealthFacs[8].

A t-test shows the average sedported dental health scores are statistically different
between insurance types and also between years. Asns&able 20 and Figure 12, thereis a
significant improvement betweethe years regardlessf insurance source. In 2007, children
covered by Medicaidad poorer oral healtf2.25) than children with private insurance (1.72),
although theyhad better oral healtihan children without insance (2.35). The scaé&om 2003

havesimilar resuls.

Table 20. Weighted average selfreported dental health score by insurance source

Private Insurance o No Insurance
Year Medicaid(95%C.I)
(95%C.1) (95%C.1)
2003 1.82(1.811.83) 2.31(2.292.32) 2.45(2.432.48)
2007 1.72(1.711.73) 2.25(2.232.26) 2.35(2.322.37)

*The smaller scor@émplies better selfeported oral health

As seenin theTable19, onethird of children are insured through Medicaidd he State

Childrends Heal th | rnmsuranc provaes fhenovgth sagnificdntsy Geitér P )
oral health status than for the uninsured, but still worséhealth statuas comparetb privately

insured children.
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Figure 12. Average selreported oral health by insurancetype and year.

Medicaid expansion could help teduce thisdisparity since the scordor Medicaid
children is significanthhigherthantheiruninsureccounterpartsThere ar@pproximatelyb million
uninsured children who are eligible for Medicdifl7]. States have continued to strengthen
chil drendés c ov eawdogleandiredntivesho expand doverage margl enmoll eligible
children.Kaiser[58, 59| suggeststrategies a state can take to increase their Medicaid and SCHIP

participation rates, and thus reach more "eligible but uninsured" children.

Secondwe could identify factors that affect tleal healthof Medicaid children and try
to reducethis differen@ with those privately insured.o determine the feasibilitywe fit a
regression modenith interactions of interventions and dummy variables for insurgype If
there isa significant effect forthe interaction withMedicaid childrenthenthe intervation is

associated with eedudion in childrerts oral health disparities.

Two important state interventions are community water fluoridation (CWF) and the
delivery of preventive dental servicebirough theEarly Periodic Screening, Diagnosis, and

Treatnent(EPSDT) ProgramAs mentionedoreviously several studiesave showrthatCWF has
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apositive effect on dental statidle therefore need to control for this in order to determine to the

actual effect ofnsurancdype on oral health outcomes

3.3 StatedPreventive Interventions

Fluoride has considerable benefits in the prevention of tooth decay. Due to the presence of
fluoride in beverages, food, dental products, and dietary supplements-ioriated areas, the
differences irpercentage of children thi untreated caridsetween fluoridated and ndluoridated
communitiesare not as great &ms beembserved in the past. Howeyaumerous studies clearly
establish that there a causal relationship betv@afir and the prevention of dental carietl
exists The U.S. Public Health Servigeeriodically reportswater fluoridation statistic$60Q],
includingthe percentagef population receiving fluoridated water in each st&iace the reports
are for 2002, 2004006, and 2008, the average value is calculated for year 2003 anith 200&r

to match the EPSDT data

_2007 MN KY

14 SILM**
OHWIN**VGA
MI****TAND

NC ** CT TN

TX ME * RI
NY * *L % AL
0.75 + DE ***0K MO
C* NE NM
WA * KS
VT ** AR
MA *** AK
PA ** AZ
0.5 + Ms * UT
LA ** NH
* Wy
OR * MT * ID
* CA
0.25 L * NJ

| | | | | |

| I | I | ]

0 0.2 0.4 0.6 0.8 1

_2008

Figure 13. Proportion of population on public water supply systems receiving fluoridated water
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In Figure 13, we seea strong linear relationship betwethre years2003 and 2007or
percent of population with fluoridated waterhich means that sta@®VF has not changed much
over the 4year period For the year 2003 the states of Kentucky and DC hass 100% oftheir
population receiving fluoridatedater, while only 0.19 of the population in Oregon received
fluoridated water(the smallestpercentagen the study) For the year 2007, Kentucky and DC
remain atl.0, and New Jerselas0.23 which isa minmum. The arerage percentage was/21
for year 2003 anf@l.724for 2007.Table21 divides states into three groups according to the average

percentageovertwo years.

Table21. Groupng of states byratio of population receiving fluoridated water.

Group State
67~100percentile DC,KY, IL, MN, ND, GA, IN, SD, VA, SC, TN, MD, IA, WV, MI,
Wi, OH
34~66percentile CT,NC, RI, AL, MO, ME, TX, FL, NM, CO, DE, OK, NY, NV,
NE, KS, AR
0~33percentile WA, AK, VT, MA,| AZ, UT, PA, MS, HI, NH, LA, WY, MT, ID,
CA, OR, NJ

The EPSDT benefit provides comprehensive and preventive health care services for
children under age 21 who are enrolled in Medicaid. EPSDT is key to ensuring that children and
adolescents receive apprate preventive, dental, mental health, and developmental, and specialty
services For Medicaid children, the utilizatioof dental carenas a majoeffect onoral health

outcomes

The annual EPSDT repd@1] provides basic information on participation in the Medicaid
child health program. The information is used to assess the effectiveness of State EPSDT programs
in terms of the nuiver of children who are provided child health screening servitgesn this

information, we collect the number of total eligibles receiving preventive dental sewides is
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the unduplicated number of children receiving at least one preventive deuiaé SEhis total is
divided by the total humber of eligiblesn order todeterminethe preventive dental service

utilization.

2007
0.6
* VT
NH NE NM * SC
0.4 | AL * OK* RI * * TX
IL KS IDG**NC ** TAWA
=T VA * *AZC*S****MAWV IN
ORMS*0*C***T*E
NY * MT M* * WYMI MN AK
MO ***LA**NJ* CA
0.2 4 WI * ARPA* ND
* DE
KY * FL
0.0 4
| | | | | |
| | | | | |
0.0 0.1 0.2 0.3 0.4 0.5
2003

Figure 14. Proportion of eligible children receiving preventive dental services with state EPSDT

Figure 14 shows how the preventive cawdilization is distributed bytime and states.
Average utilization improved frorf.25 (year 2003) td.31 (year 2007) For the year 2003the
maximumutilization is fromthe state ofVermont(0.42 of eligible), while states with minimum
utilization were Hawaii antdtah Fortheyear 2007Yermontshowedthe maximumutilization of
0.52and Kentucky shoed the lowest utilization d.13 Therelationship between utilizaticend
time is linear over thievo years, buhot as strong as for fluoridation. This implies there are greater
changes in these outcomes for stalexble 22 divides states into three groups according to the

average prevdive utilization for two years.
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Table22. Groupng of states byEPSDTutilization .

Group State
67~100percentile VT, SC, WA, NE, TX, NM, 1A, IN, NH, MA, NC, RI, WV, OK,
AL, GA, AK
34~66percentile ME,ID, TN, CO, MN, OH, CT, KS, MISD, IL, WY, AZ, VA,
MD, MS, NJ
0~33percentile CA, LA, PA, OR, DC, ND, MT, NY, AR, MO, UT, DE, WI, NV,
FL, KY, HI

3.4 Model and Results

We usedndividual NCHS survey resu data (N=182,257) to fit the mod&elf-reported
oral and general health is defhinto two categoriest Ex ¢ e | | ¥erytGo o e dasdified
asflo, and the others are combinedi®d. Since two variables about preventive intervergigere
collectedat thestate level, all the data in a same state will have same valpmpdtion of
populationreceiving fluoridatedwater (Fluoridatior) and the poportion of eligible children
receiving preventive dental services with state EP8MDilization). Demographic informatigron
the other handsuch as age, seandracdethnicity areat the individual levelThe model includes
threecontinuousvariables Fluoridation,Utilization, and age¥our categorical variablesnsurance
type, selireported general healtlsex, racéethnicity), and the tweway interactions between
Fluoridation, Utilization, and insurancetype (Medicaid, Private, UninsuredNote that self
reported general health was included in the model since previous research has shown that it is

related to selfeported oral health; we therefore wanted to control for theteffec

Table 23 and Table 24 show the summary statistics of the categorical variables and

continuous variabl es. For categorical vari abl
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private insurance, feale, and white noehlispanic will be used as the baseline group for

comparison.
Table23. Summary statistics of the categorical variables.

2007 2003
. Std Err Std Err

Variablg Category Weighted Weighted

Frequenc Percen  °f  |Freqiency Percent  Of

Frequency Frequenc)
Percen Percen
SROH GOOdexce"‘ 75919 58332027 84.1 0.36 | 83051 5729558 83.8 0.23
Fair/poor | 10736 1101813% 15.9 | 0.36 | 12550 |1106331( 16.2 @ 0.23
- Go0d/Excellt 66060 49066627 70.8 | 0.42 | 69732 4679211 685 0.28
Fair/poor | 20595 2028353¢ 29.2 | 0.42 | 25869 2156678! 31.5  0.28
Private 61649 4325297¢ 62.4 0.43 | 67500 4379117¢ 64.1 @ 0.29
Insuranct Medicaid | 18270 1948215¢ 28.1 @ 0.41 | 20399 1826373 26.7 0.28
Uninsured | 6736 | 6615028 9.5 | 0.28 | 7702 6303979 9.2 | 0.18
Female 41641 3379668( 48.7 | 0.43 | 46455 3343420. 48.9 | 0.29

Sex

Male 45014 3555348/ 51.3 | 0.43 | 49145 3492358 51.1 0.29
White 63980 4516488¢ 72.3 0.41 | 71510 4599515 74.7 | 0.29
Race Black 8922 |/1035337¢ 16.6 | 0.32 | 9559 1018670; 16.5  0.25
Multi 4449 3302446 5.3 | 0.22 | 3997 2223296 3.6 @ 0.11
Others 4206 3660715 59 | 0.25| 4175 3193162 5.2 @ 0.19
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Table24. Summary statistics of continuous variables.

2007 2003
Variable Mean | Std Error| Range| N Mean | Std Error| Range N
of Mean of Mean

Fluoridaton | 0.698 | 0.002 | 0.81 | 95601 | 0.708 0.003 0.77 | 86655
Utilization 0.252 | 0.000 | 0.311| 95601 | 0.294 0.001 | 0.388 | 86655
Age 9.132 | 0.027 16 95601 | 9.093 0.043 16 86655

To explain the differential effect of Fluoridation and Utilization amimrividualscovered
by different insurancaypes the interactions betweeRluoridation and the dummy variables for
insurancedype (Medicaid® Fluoridation, Uninsureé Fluoridation) , andJtilization andinsurance
type (Medicaid? Utilization, Private® Utilization) were includedThe interactions of Privaté
Fluoridation, and Uninsured Utilization will be used as the reference catéggiior comparison
All of theanalyss used sample weights and standard errors attogdar the complex design of
the NCHS survey, and year anstate fixed effect are includedtime modelto control for any of

their effects

Table 25 shows statisticdor the overall model fitand Table 26 showsthe maximum
likelihood estimates and odds rativom the logisticregression model predicting child@roral
health scoreChi-square values from three different tests show that we should reject the null

hypothesiqf 1.

Table25. Overall model fit statistics.

Number of Testing Global Null Hypothesis: BETA=0
Observations - _
Test Chi-Square DF Pr > ChiSq
Likelihood Ratio 13891950.0 26 <.0001
182257 Score 14725317.4 26 <.0001
Wald 3530.0 26 <.0001
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Table 26. Estimated parameters, odds ratiosand p-values.

Analysis of Maximum Likelihood Estimates Odds Ratio Estimate

Standar( Wald . 95% Wald

Parameter DF | Estimat Error | _ChF CPhriS>q Est?rlr?;te Confiderce
Square Limits
Intercept 1| 0.217 | 0.0093| 541.9|<.0001 - - -

SRG G':O"’(‘)ig})e‘;(%'éﬂfht) 10.7285| 0.0179|1657.8 <.0001| 0.233 |0.217] 0.25

-0.3665| 0.1248| 8.6 |0.0033| 0.417 |0.301|0.579
-0.1409| 0.1648| 0.7 |0.3927| 0.523 | 0.32|0.854
0.1242| 0.0844| 2.2 |0.1412] 1.132 | 0.96 |1.336
0.3895| 0.1537| 6.4 |0.0113] 1.476 |1.092 1.995
0.399 | 0.2331| 2.9 |0.0869 1.49 |0.9442.353
-1.6623| 0.6063| 7.5 |0.0061f 0.19 |[0.058 0.623
1.4412| 0.6893| 4.4 |0.0365| 4.226 |1.094{16.31]
1.7724| 0.6373| 7.7 |0.0054| 5.885 |1.688|20.52
-0.0361| 0.0026| 196.4|0.0012| 0.965 | 0.96 |0.969
-0.059 | 0.0120| 22.0 |<.0001| 0.888 |0.844/0.934
-0.1773| 0.0333| 28.4 |<.0001| 0.701 |0.655|0.751
0.1729| 0.0539| 10.3 |<.0001| 0.996 |0.868/1.142
-0.1729| 0.0533| 10.5 |0.0013| 0.705 |0.616|0.806
-0.1559| 0.0297| 27.6 |<0.000] 0.856 {0.807|0.907

Insurd Medicaid(vs. Private

NC€ [Uninsured(vs. Private]

Fluoridation

- Medicaic Fluoridation

- Uninsured Fluoridation

Utilization
- Medicaick Utilization
- Private Utilization

Age

Sex| Male(vs. Female)
Black (vs. White )
Racel Multi (vs. White)
Others(vs. White)
Year 2003(vs.2007)

e e e e e e e e e

Compaedwith children covered byrvate insurance, children covered by Medicaid were
less likely to have good oral health, whitee effect foruninsured childremvasinsignificant. The
reason thithe effect of uninsured children is not significemtiue to theénteraction ofUtilization
and insuranceype; the interactions(Medicaid and Private with Utilizationhave significant
positive effectsas compared to theninsured group. The model rétsuexplain the difference
between uninsured and private insurance ugiagnteraction withUtilization rather than the main
effect. Even though the main effect of Fluoridation is not significant and Utilizatioarregative
effect, the interactions Wi the Medicaid dummy variabléor both interventions have positive

effects. This implieameans thathie higher percentages of both variabesild improveMedicaid
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childrerfs oral healthstatus In addition demographiwariables araignificant inthis model For
example, ter children,males,andbeing other than neHispanic whitelowered the chance of

having good oral health.

3.5 Chapter Summary

We found that disparities existn childrerts oral health based on demographics and
insurance typeWater fluaidation has a significant effect on dental stapasticularlyfor Medicaid
and uninsurechildren the effect is muclgreaterthan for children who have a private insurance.
This impliesthat fluoridatiorhelps taachieve equity in childrég oral heah. According to Halthy
people 202(1], increasing the proportion of the U.S. population served by community water
systems with optimallfluoridatedwater isan oral health objectiv@ he target is 79.6%wvhile the
currentaverage percerge is 72.4%In addition there are several states which have low level of

fluoridation. Thereforefluoridationshould remain as a publozal health priority.

The preventive dental care utilization for EPSDT turns toubesignificant for Medicaid
childr e noéakhealth statusThis interventioncould therefore helgo reduce disparitie$or
Medicaid children. A CMS repof62] identified several key barriers to children receiving adequate
dental careincluding limited availability of dental providers, low reimbursement rates,
administrative burdens for providers, lack of clear informatiimaiegquatetransportation, cultural
and language competeneyidneed for consumer education about the benefits of dentalterse

barriersmust be addressedsapportgood oral health outcomes Medicaid children.
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CHAPTER 4

ESTIMATING THE |MPACT OF MEDICAID PoLICY ON

DENTAL UTILIZATION IN CHILDREN : A SUPPLY AND

DEMAND PERSPECTIVE

In chapter 3we sawthatthereare disparities irchildrerts oral healthoutcomes due to
insurance typdn particular, Medicaid expansion to cover additional uninsured pecsoits lead
to better outcomes. However, these results would only be realized if supply were available to satisfy
the new demand. An alternative approach would be to increase Medicaid reimbursement fees so
that more dentists and hygienists accept MedipattentsIn this chapter we will develop dental
supply and demand estimation models for Medicpmlicies. We developa nonlinear
programmingmodel,to determinean optimal balanced investment between expanding Medicaid

enrollment and increasirtge Medicaid reimbursement rafer dental procedures

A key motivation for the work in the Chapter is the 2013 Oral Health Initiative of the Center
for Medicaid and Medicare Services (CM3he Initiative in to increase access to quality dental
care for Medical and CHIP enrolled children by at least 10% by 2[8%. The outcome of the

work in this Chapter will assist states in to how to best meet this goal.

4.1 Literature Review

Oral health was cited as the greatest unmet health need among U.S. di68frén

addition, disparities are a signidiot problem in the provision of dental care serv[€é4s68]. For
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example, notHispanic Whites are much less likely to have fair/poor oral health and much more
likely to receive preventive care than Adispanic Blacks or Hispanid€5]. Further, number of
decayed teeth, number of missing teeth, and prevalence of oral health pain have been shown to
decrease with incomgg9]. Even with Medicaid coverage, low income and minority children
receive preventive services at a much lower level than their countdiffaig], and only four in

ten Medicaid enrolled children received some type of preventive dental service iff73D10

Further, the costs of neglected oral disease in childhood can be sigrigant

Medicaid removes most financial barriers for dental care re¢é#t74]. However,
Medicaid programs typically have lower reimbursement rates than the private [vGkeg].
Many studies have found that dentist participation increased with sufficiently high reimbursement
rates[44, 75, 77-81]. Low reimbursement rates have also been cited by dentists as a key reason for
their lack of participation in state Medicaidograms[82, 83]. However, fee levels alone do not
necessarily lead to increased participation by providers; community factors can also play an
important role[83, 84]. Expansion of Medicaid through changing eligibility requirements or
i ntroducing programs such as St at eave@lsd beahr en 6 s
shown to effectively increase the percentage efsét children that receive preventive dental
services[74, 85]. Recent expansion of Medicaid and CHIP has led to a significant increase in
enrollees; over onthird of US children were enrolled in Medicaid or CHIP in 2088|.

Expansion will likely continue under the Affordable Care Act.

In 2013, the Center for Mechid and CHIP services (CMCS) as part of the CMS Oral
Health Initiative has made access to quality dental care for Medicaid and CHIP enrolled children a
priority [87]. Specifically, they desire a 10% increase in the number of Meekramlled children
that receive preventive dental care by 2015. If states are to meet this ggalyillhneed to

implement policies to increase utilization of dental services among this population. Two approaches
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that can be used are increasing Medicaid reimbursement rates for preventive services and increasing

the number oMedicaidCHIP eligibles.

Mayer et al[80] used claims data to examine the impact in North Carolina of increasing
the nominal Medicaid reimbursement rate by 23% (from 1P8®l) and doubling enrollment
through eligibility expansions (from 198%91).They found that both changes had an impact on
increasing access to dental services among Medicaid eligibles. As with most previous studies, the
approach is a retrospective one. Atgmat, no studies exist that provide guidance for states as to

how to best design policies to meet the goal.

In this research, we develop a method to es
as a result of two aforementioned policies: (1) expanthe number of Medicaid/CHIP eligibles
and (2) increasing Medicaid reimbursement levels for procedures. Expanding Medicaid eligibility
induces demand of dental care while increasing Medicaid payment levels induces the supply of
dental care. We therefodevelop supply and demand models for dental services. We then develop
an optimization model to determine the best investment strategy across the two policies for a given
budget. To the best of our knowledge, this is the first study to include both finctbesanalysis

in a prescriptive manner.

In the next section we present separate models of dental supply and estimate the parameters
from CMS data provided for seven states and national data from the U.S. Health Resources Services
Agency (HRSA). In Seabin 4.3 we present an example for the state of Washington of supply and
demand inducement using the developed models. In Sedfiave present an optimization model
that considers both policies simultaneously and apply it to all seven states. Conclesiginera

in Sectiord.5.

55



4.2 Supply andDemandM odeling

In this Section we present supply and demand models for dental services to US children.
As mentioned previously, we consider the two state policies of changing the reimbursement rate
for a service or th eligibility criteria for Medicaid/CHIP. It should be mentioned that states can
influence supply by other means including changing dental practice acts or offering location
incentive programs for dentists. Further, states can impact the demand forsdevitzds by
community water fluoridation and school sealant programs. However, we will not consider these

alternative policies in this work.

Supply of services in a county depends on the dental workforce of that area, the
reimbursement rate of the staémd the features of the area. Demand for services depends on the
number of Medicaid eligibles in an area, population demographics, and features of the county.
Our unit of measure for demand is number of Medicaid/CHIP eligibles, and for supply is potentia
number of Medicaid/CHIP eligibles that can be served by the participating dental population. Note
that the number served in a county will be the minimum of supplyrefces and demand for

services.

42.1 Data

Data on the number of Medicaid children who reedidental care during a year by state
is publicly available from CMS. However, county level data is managed by each state Medicaid
agency. We received couAsvel data from seven states: Alabama (61 counties), Georgia (123
counties), lowa (99 countiesh,ouisiana (64 counties), Minnesota (85 counties), Texas (183

counties) and Washington (38 counties) for four years (200D).
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The Area Resource File (ARF) data from the U.S. Health Resources Services Agency
(HRSA) was used for workforce and demograptata by county over theykear period88]. This
includes the number of active dentists, age and gender distribution of dentists, number of eligible
Medicaid children, county features of population, median income, number of children in poverty,

economic dependentgglogy, and dental health professional shortage area designation.

The Medicaid/CHIP dental reimbursement level was also used as an explanatory variable.
Medicaid Statisticallnformation System (MSIS) datp89] contains information about state
expenditures for childrends Medi ctMedichid/CHA P dent
dental claims for children during a given year. We divided the expenditures by the number of claims
and used it as an average Medicaid dental reimbursement level. Note that all counties in a state

have the same reimbursement rate as ssatdbe level.

General features of the county including median income, percent unemployed, rural/urban
classification, and dental Health Professional Shortage Area (HPSA) are also important factors.
The economic and rural/urbatypologes are from theEcanomic Research Service of the U.S.
Department of AgriculturfQ]. The economic typologglassifies all U.S. counties according to six
nonroverlapping categories of economic depender(&ming, mining, manufEuring,
government, service, and ngpecialized), while the rural/urban continuum code classifies
counties by population size, degree of urbanization, and adjacency to a metteatabshortage
areas (HPSAs) are designated by HRSA hé geographic @ea has a shortage of dental
professional$91] for the year of interesfable27 shows a complete list of all variables and their

sources.
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Table27. Listof variables.

Variable Explanation Source
Number of children who get Medicaid dents State Medicaid
care Agencies
% of children who get Medicaid dental care Stﬂge'\fligga'd
Number of dentists ARF
Ratio of dentists to population N;rgr?j;%r?*igt(%s, ARF
% of male dentists # Male Dentists/# Dentists ARF
% of dentists<age 35 ARF
% of dentists >age 65 ARF
Ratio of hygienists to population # Hygienists/population ARF
Conti # of eligible children # Medicaid Eligibe <age 19 ARF
nuou % of male children ARF
S % of white children ARF
Median age of population ARF
% Male ARF
% White ARF
% <19 without health insurance ARF
Median income ARF
Population density per sqg. mile Populat::%r:ﬁ]at;d area of ARF
Unemployment rate ARF
State average Medicaid fee l)?ézl nl\(;li(tat?:galli glea?:]?lc, MSIS
Dental HPSA De”ta'sﬁgggg Frotessional - ARF (HRSA)
Farmingdependent county
Mining-dependent county Typology classifies all U.S.
Manufacturingdependent county counties according tdxs ARF (Dep. of
Governmendependent county nonoverlapping categorie§  Agriculture)
Servicesdependent county of economic dependence
Non-specializeddependent county
_ Housing stres
Binar Low-education
y Low-employment Typology classifies all U.S.
Persistent poverty counties a}ccording to seve| ARF (Dep. of
- overlapping categories of|  Agriculture)
Population loss policy
Nonmetro recreation
Retirement destination
Metropolitan counties(B) By population size
By degree of urbanization| ARF (Dep. of
Non-metropolitan counties¢8) and adjacency to a metro|  Agriculture)

area or normetro areas.
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We dividad the data into two groups of countiesingthe dentalHPSA desigration as
shown inTable28. HPSA designated counties are categorized into gtoapd we can expect that
their dental supply will be less théime demand. The other counties are set as gihand their
demand will be less thawr equal tahe supply. Furthermore, we can assume that the number of
served children ithe data would be determined at the supply level for grbymd the demand
level for group2. Although we do not have information abdi demand level for grouf, we
can expect that it will bgreater than or equal to supply lev@imilarly, theunknown supply level

of group2 would be greater than or equatiedemand level.

Table 28. Grouping of Countieby dental HPSA

Counties SupplyEstimation Model(SM) | DemandEstimation Model(DM)
GRP1 :HPSA designated Supply=Num. of Served Demand= Num. of Served|
counties(Supply<Demand)
GRP2 : (Supply>=Demand) Supply=Num. of Served’ Demand= Num. of Served

4.2.2 Model Description

We develomtwo-stagemodel to estimatthenumber of served childreRigure1l5 shows
the scope dthe estimation modelAs the first stage, we will build two different estimation models
for supply and demandVe will identify significant imependent variables to explahme supply
andbr demand for each modébnce the demand and supply level is estimated, the humber of
children that receiv®ledicaid dental care caedetermined at the estimated supply and demand

minimum.

We can expect thhdhe number of dentists should be related taltralsupply However
we may not see the relationship in counties wittemand shortage. To resolve this problem, we

fit the supply model with selected dataom counties with supply shortagégroup 1) Similarly,
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we use thalata fromcounties with demand shortage fit the demanastimationmodel (group
2).1f we use a single model withosgéparatingupply and demantheeffectsmay be confounded,
making it difficult to estimate the appropriate paraters. Note that the reimbursement level of the

second category and the number of enrollees of the fifth category can be controlled by state policy.

Number Served
= Min (Supply, Demand)

County

Medicaid Fee B Population Eligibles
Number
) HPSA Number Number
Gender, Age
Distribt?tgion E:'embursemm Income Densty Gender, Age
Hygienists Unemployed Gender, Age, Distribution
Economic Type Race/Ethnicity

Figure 15. Scope of the estimation model.

4.2.3  Supply Estimation and I nducement

In this section, we present the regression model to estimate the dental supply for Medicaid
children using 2002009 dataDatafrom 2010 was saved for model validatipresentedn the
AppendixG. The ratio of dentists to population (per thousand) represianitist availabilityTo
determine the available dental supply for Medicaid/CHIP children, Dentist Productivity for

Medicaid Children (DPMC) is computed in Equatid¥)( The number of Medicaid children
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receiving dental service during a given year isd#id by the number of dentists, representing the

number of Medicaicchildren thata dentist could see during a year on average

$AT OO G OADEREDBREEA AOATH

(14

We use regression to fit a supply model with DPMC as the dependent variable. We log
transformed DPMC to improve the fit. Yeaind statdixed effects were included ithhe model to
controlfor ary trendsand attributes that may affect the DPMK®. fit the supplymodel, weonly
usal data from groufd counties Thecorrespondingnodel forsupplyis defined by Huations {5)

and(16). Notationis providedin Table29.

1To-# o B r@ (15)
30Dl Wi AIASBAT OEANOH B [ O (16)
Table 29 shows summaryfaegression results (N=1182) including parameter estimates
andp-values of significant effects. Thejadted Rsquare value was0.91. The diagnostic plots

are provided in the AppendixNote that the plots show that the standard regression assumptions

were satisfied.

Counties with higheMedicaid reimbursement fease more likelyto havehigher dentist
productivity for Medicaid children, which means that financial support could lead to increased
dental professional participation in the program. Accaydia the definition, the dentist to
population ratio has a negative effect with DPM{awever, ve found that the interactions of
Medicaid reimbursement fees and the log of dentist ratio pasitveeffect with DPMC which

means thahe effect oMedicad reimbursement fees is higher in the counties having more dentists.
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Table 29. Regression results for supply model

i Var’iable PEa"srt?rTaett:r Standard t Value Pr> |t
(01) B Error
0 Intercept 9.517 0.162 58.67 | <.0001
1 Medicaid Reimbursement Fee 0.005 0.002 2.34 0.0195
2 Log (Dentist ratio) -1.175 0.037 | -31.82 | <.0001
3 % of dentists >age 65 -0.129 0.049 -2.62 0.009
4 Hygienists toPopulation -0.000® | 0.000 -1.01 | 0.3137
5 | Main Unemployment rate 0.023 0.005 4.64 | <.0001
6 Number of FQHCs 0.102 0.021 4.97 <.0001
7 Median Income -2.521 0.376 -6.7 <.0001
8 Economic type: Farming 0.078 0.025 3.14 0.0017
9 Economic type: Government -0.795 0.184 -4.33 | <.0001
10 Medicaid Fe&Log (Dentist ratio) 0.002 0.000 6.7 <.0001
11 Log (Dentist ratiox Hygienists 0.021 0.010 2.03 0.0431
12 | Inter | Log (Dentist ratioNumberof | 4 555 | 005 | -4.39 | <0001
actio FQHCs
13| ns Log (Dentist ratiofncome 0.247 0.102 2.42 | 0.0155
14 Log (Dentist ratio¥ Government 0.088 0.038 2.3 0.0214
15 Medicaid FeexGovernment 0.007 0.003 2.54 0.0112
16 Year Year2008 0.016 0.027 0.6 0.5509
17 Year2009 0.050 0.036 1.38 0.1693
18 State AL -0.600 0.038 | -15.93 | <.0001
19 State GA -0.291 0.050 -5.86 | <.0001
20 Stae State 1A -0.469 0.034 | -13.78 | <.0001
21 State LA -0.358 0.041 -8.75 | <.0001
22 State MN -0.665 0.035 | -19.08 | <.0001
23 State TX -0.127 0.041 -3.13 | 0.0018

Dentists ovethe age 65 are less likely to serve Medicaid childidr rate of hygienists
to population has no significant effect while the interaction with dentist ratio shows a positive
significant effect This impliesthat hygienistsare required with dentists taffect supply (i.e.,
together they make a Leontief inputitput model) The effect increases as both the number of
dentists and hygienists increase. The unemployment rate is positively related with DPMC so that

counties with higher unemployment rate areerldkely haveahigher supply for Medicaid children
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ceteris paribusThe number oFederally Qualified Health CentelSQHCs) has positive effect
while the interactionof FQHCswith dentist ratio shows a negative effethisimpliesthat the
increasen DPMC from FQHCsdecreases as the number of dentists increases. Sintiaigain
effect of median income is negatively related with DPMC wthiksinteraction with dentist ratio
shows a positive relationship. Counties with higher income are moreg likek less DPMC, and
this decreasing rate is slightly diminished if the counties have more dehtistgelated way,
dentists tend to locate in counties with higher median incémmang the six nonoverlapping
economic dependent typologies, only farmamglgovernmentiependent counties hasignificant
effects Farming dependent counties have higher supplygamdrnmentependent counties have
lower supply than other counties. In addition to, the negative relatigov@rnmentdependent
counties becoes weakr as the number of dentists aodMedicaidCHIP feesincrease, since the
interactions betweethese factorand government dependent econorfgictors are positively
related.There areno significantyear effectsput all thestate effectaresignificant (Washington

being the baseline).

We excludedgroup 2 counties from the regression model since we assumed they had
supply shortages. To see if this assumption holds, we ugedtao compare the actual mean value
of the DPMC from the group 2 dato the estimated DPMC of group 2 using the supply estimation

model with the estimated parameters. We found a difference in the means at the 95% level.

We can use the developed supply model to estimate the induppty that would result
from a state in@asingthe dentalMedicaidCHIP reimbursement level. For the supply estimation
model, the reimbursement lewgas one of the significant control variables. In Equatid), (it is
related with the first terrof main effecs andthetenthand fifteenth ten of the interactios with
thedentist raticand government dependent economic callvig can expand the supply estimation

modelas follows:
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[ 6 ¥ E r 6 ¥ B [ @ (17)

xEAQOA - AREDAEAAOCOIOAOMI O 1CAT OAGKE|] m8imp
[ T8 T1,¢[ T8t 11 jand otherr R valuesare found inTable 29. If we increase the
reimbursement level, the response variable would increased&@fit), butalsothe increasing
rate will grow by the dentist rati¢+0.002unit). Consequently, counties witthggherdentist ratio

coud receive larger effects for increasing reimbursement levels. If we increase thersgiment

level by Y,the estimatetbg transformedPMC will be (after rearranging terms):

ligo-#9r 1 @ 1 @ B [ O (19)

Since the response variable wasog transformedDPMC, the equation should ten

exponential functiomf additional reimbursement leMg’) shown in Equationl@).

Ageoy r @ r @ B 1@ . Oil A1 OEOOO
1A @8n (19

where | AT A are calculatetby:

1 AgB @ . Oii £#A1 OEOO (20)

rr r 9 19 (22)

For counties wi sufficient supply, anincreasen supplywould not change the number
served For the counties with supply shortage, the new number served will be determined at the

demand leveland a supply increase is effective in increasing number served
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The ptal costfor the investmenis calculatedoy multiplying the new level of humber
served byhenew reimbursement fe® /& and average dental visits per beneficiéryas shown
in Equation @2). If we increase¢he Medicaid fee, we pay not only ftine incremental number of
served childrenbut the increase also applies to current utilizers since this is a state decision.
Therefore, as the existing number of beneficiaries grows, the average cost per improvement would
increase.Additional investmerg arecalculaed usingEquation @3) and the average cost for

increasinghenumber served isalculated usingquation @4).

41 ZFA1O0CB Uu 6 9 £&6 (22)

Additional Cost B U9 m 096 (23

Average Cost (29

where 9 = Additional Medicaidreimbursement fed = CurrentMedicaidreimbursement
fee, U = Increment of¢ served in county, O = Number of Serveiéh countyi before inducing

supply, V = average dental visits per beneficiary (based on MSIF 88lja

424 Demand Estimation and Inducement

We similarly built a regression model to estimate dental demand for MedietRl
eligible children. Uilization of dental servicess calculated by dividing the number of childteat

received at leasine MedicaidCHIP dental service bthe number of eligible children

- - (29)

O
m

50E] EUA
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The number of eligible children can be changed by the state policies of Medicaid/CHIP

eligibility for dental servicesThe demand modéd given by (notation ifTable30):
50EI EUAOCEBIT | @ (26)
$Ai AT AOT AABI ECEAI AB | @ 27

Utilization is the dependent variable and viaeable categaes provided irfFigurel5were
used for théndependent variables addition, yarand statdixed effects were included to control
for any trendsnd attributes that may affect utilizatidro fit thedemandnodel, weonly usel data
from group2 countieswhere thesupply is greater thathe demand.Table 30 showsregression
summaryresults angparameter estimates aperalues.Data from 950 counties are used for the
demand estimation model anidetagusted Rsquarevalue was0.50. The diagnostic plots are
provided in the Appendii Note that the plots show that the standard regression assumptions were

satisfied.

Not surprisingly, ounties witha higherpercentage ofligible childrenare more likelyto
havehigher utilization of servicedletropolitan county types are all significant aradintieswith
larger population have larger positivehe main effect othe governmentdependent economic
variablehas a negative effect while the interaction with pleecent of eligible children shows a
positive effect. The government dependent economic counties are moretdikedye a higher
percentage oéligible children than other countieSounties of serviceependent economand
retirementdestinatiorare mae likely have a higherutilization. The main effects of the percent of
uninsured children and low employment are insignificalthoughsome of their interactions are
significant.The nteraction betweepercentligible children angbercentuninsured ciidren has a
negative effectmeaning that the increasing effect of eligible children decsasken there are

more uninsured children aocouny. In addition,if counties havgovernmentlependent economic
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structure or are designated as low employmerd, atee utilization decreasés the percentof

uninsured children.

Table 30. Regression results for demand model.

i Va(r)i(:’;;ble Egt?rﬁaate Sté\rr:g?rd t Value Pr> |t|
0 Intercept 0.536 0.054 9.96 <.0001
1 % of Eligible Children 0.323 0.116 2.79 0.0054
2 % Male -0.337 0.092 -3.66 0.0003
3 Metropolitan type Population 2M 0.027 0.005 49 <.0001
4 Metropolitan typed.25M< Pop.<1M 0.016 | 0.007 2.2 0.028
5 . Metropolitan type Pop. <0.25M 0.018 0.005 3.39 0.0007
6 Main Economic type: Government -0.068 0.021 -3.26 0.0012
7 Economic type: Service 0.023 0.008 2.99 0.0029
8 Policy type: Retirement Destination 0.016 0.004 3.55 0.0004
9 Policy type: Low Employment 0.032 0.021 1.52 0.1277
10 % Uninsured Children 0.001 0.001 0.93 0.3544
11 % of Eligible x Government 0.715 0.146 4.91 <.0001
12 | Inter % Uninsured x% Eligible -0.012 0.006 -1.93 0.0544
13 aﬁgo % Uninsured x@Gvernment -0.003 0.001 -2.81 0.0051
14 % Uninsured xLow Employment -0.003 0.001 -2.61 0.0093
15 Year08 0.014 0.004 3.6 0.0003
Year
16 Year09 0.046 0.004 11.31 <.0001
17 State AL -0.057 0.022 -2.62 0.0089
18 State GA -0.035 0.019 -1.78 0.0748
19 State IA 0.063 0.021 3.07 0.0022
State
20 State LA -0.105 0.022 -4.84 <.0001
21 State MN -0.079 0.020 -3.99 <.0001
22 State TX -0.052 0.020 -2.62 0.0089
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We tested the assumption that for group 1 coudiéesandvould begreater than or equal
to the number servedince itis limited by supply. To test this assumption, we usedtest to
compare the actual mean value of utilization from the group 1 county data to the estimated
utilization of group 1 counties using the demand estimation model veitestimated parameters.

The means were significantly different at the 95% level.

The demand model can be used to estimate the demand induced by expanding
Medicaid/CHIP eligibility Forthis model theratio of eligible children to population was the first
significant control variable@ hand hassignificant interactioneffects with sixth and tenth
variables.The ratio was calculated by dividing the number of eligible children by the total

population of childrenlf we increaséhe number oMedicaid elgibles by E, then the new ratio of
eligible children will be@ -, where t represents the population of children, and the estimated

utilization will bedetermined by (after arranging terms):

50EIl EU%GEF+— B bHO (28

Since demand is defined as the utilization multipliedtiyy number of eligiblesthe
demand equation should Qaadratic irtheadditional numbeof eligible children (Ejs shown in
Equation 29).

Demand 5 OET EUAQIE®E ECEAIT A
% 20 % —— B [ @
MA Az (29
whereconstantsWXPA T A aredefined by:

Y — (30)
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Increasing the number of eligible childréoes not always ledd an increasa the number
of children servedsince the number served is determined as the minioflsupply and demand.
For the counties with enouglemand a policy inducing demangould not make any difference.
The policy of inducing demand would only be helpful éounties witha demandahortage The
total costfor this type of investmernis composed of the enrollment cost for incremental enroliment
and the reimbursement cost for incremental beneficiaries as shown in Eq@atickhéaverage

cost for increasinghe number served isalculatedm Equation 34).

417 1O % B U AB (33

Average Cost

(34

where C= Average Medicaid enrolimércost per child U =Increment of# served in
county | A= Current reimbursement fe®¥=Average dental visits per beneficiary. According to
Kaiser[92], the average cost farchild enrollee isn the rangeb1500to $2500 We therefore
assume that the enrollment cost is at least $1500. Also the average dental visits per beneficiary (V)

is determined from th#&1SIS datg89].

4.3 Medicaid/CHIP Policy

In this section we apply the supply and demand models from Sdcktmthe seven states
to see the impact of raising Medicaid/CHIP reimbursentevels and of expanding the number of

Medicaid/CHIP eligibles. An integrated model for both policies is presented in Séetion
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4.3.1  Supply InducementResults

We first illustrate with a simple example for 10 counties in the state of Washirkgtibn
resuts are given in the Appendik. Table31 shows the result of supply inducement by increasing
the Medicaid reimbursement fee by $Thblumn (A), (B) and (C) are supply, demand, and the
number of children served in each county befiaking any intervention. As previously discussed,
the number of beneficiaries (C) is determined at the minimum of supply and demand. Column (D)
(I) explain changes from the intervention of increasing the reimbursement fee by $10. If we increase
the reimlursement fee, DPMC will be increased by (D), and supply is also increased by (E)
according to the Equatiod9). The new number of beneficiaries (G) is the minimum of the new
supply (F) and demand (B), and the difference between column (C) and columiill (& tve

incremental beneficiary (H). The cost for the intervention (1) is calculated by Equ28on (

Table31. Example of supply inducement effect (State of Washington).

No intervention Intervention : Increase Reimbursent fee (+$10)
Incrementg Incmt. | New New | Incmt.

County S?Ap)p ly De(rg)a ndBen(eél)uar) DPMC | Supply | supply [beneficialBeneficig Ci?)St
(D) (E) (F) | y(G) | ry(H)
1 1320 | 3412 | 1320 5.2 73 1392 | 1392 73 114,795
2 1637 | 1523 | 1523 9.9 60 1697 | 1523 - 106,620
3 |11638| 14053| 11638 3.4 428 | 12066| 12066| 428 946,630
4 5326 | 7125 | 5326 4.4 223 | 5549 | 5549 | 223 441,612
5 4595 | 3906 | 3906 3.4 224 | 4818 | 3906 - 273,451
6 |29092| 28421| 28421 2.7 841 | 29933| 28421 - 1,989,439
7 359 | 239 239 9.3 19 378 239 - 16,703
8 7997 | 8340 | 7997 58 265 | 8262 | 8262 | 265 641,281
9 2920 | 3222 | 2920 5.6 128 | 3048 | 3048 | 128 243,846
10 492 | 535 492 10.9 22 513 | 513 22 41,108
State Total 3,565 | 21,442,098
(Average cost/Incremental beneficiary) (6,014)

In this example, the f i astefocedhe fee¢iyidceassdu ppl vy
so the intervention has an effect that 73 additional children get served. However, in the second

county that already has enough supply, the intervention has no effect and incremental benefits will
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be zero. Since increasittige reimbursement fee is a decision at the state level, an additional cost
has risen for all counties. As an aggregated result, Washington could serve 3,565 additional
beneficiaries with a $21M budget by taking a policy of increasing the reimbursemdiyt $&6.

The average cost for one incremental beneficiary is $6,014.

To apply the approach to all seven states,usedten differentincrementlevels of
Medicaid reimbursemerfitom $20 to $200Figurel16A shows the increment tfienumber served
as the Mdicaid reimbursement fee increasesom Equation (19), the supply should increase
exponentiallyin reimbursement leveHowever,the increment of number servattreases at a
decreasing rate (Figué&A). This is because only part thfe supplycanbe transformed teerved
childrendue to thecountie® demandstatus.Figure 16A showsunmetdemand for each statén
the study All of the lineswith a terminating point stop at the maximum demand for the. $tate
example, Alabamaunmet demandor the statds less tharl0,000. Meanwhile Minnesota and
Washington do not have a terminating poultich means they still have available demardn
after increasing the reimbursement level by $2B6orgia, Texas, lowa, and Louisiana show

similar results, which ha&e 2,5063,500 of unmet demand.

Figurel6B representtheaverage cost to improve one additiobaheficiary Georgia and
Texas show a higher average costlB, even though they have a larger increment for the
beneficiary than other states in the intéhvetween $26160. This is because Georgia and Texas
have a larger number of existing dental beneficiaf@s which leads to a highegost for the
existing numbeserved © 9) than in other states, and they should spend more of the state budget
on increasing the reimbursement fee. As showl6B, Alabama, Georgia, and Texas need more
investment to increase the number served, whereas lowa and Minnesota have better cost

effectiveness than other states.
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<Figurel6A. Effect of Supply InducementxFigurel6B. Average cost of Supply Inducemer
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Figure 16. Results for supply inducement

4.3.2 Demand| nducementResults

Table32 shows the results for the same 10 counties in Washington from Section 3.1 when
Medicaid/CHIP enrollment is increased by 10,000 children. Full results are givenAppbadix
L. Column (A), (B) and (C) are supply, demand, and the number of children served in each county
before taking any intervention. Column ¢QJ) explain changes from the intervention of increasing
enrollment. Column (D) is the distributed increnam@nrollment in each county and is weighted
by the number of uninsured children in the county. If we increase enrollment by (D), utilization (E)
and demand (F) are also increased according to the Equat®mrsd 7). Comparing the supply
(A) and new émand (G), the new number of beneficiaries (H) is determined. The cost for the

intervention (J) is calculated by Equatic@3).
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Table 32. Example of demand inducement effect (State of Washington).

No intervention Intervention : Increase enrollment(+10,000)
Cou Incmt. Incmt. Incmt. New New Incmt.
nty Supply | DemangBeneficiary Enroll util demand| demand|beneficiary Benef cost
(A) (B) (©) ()
(D) (E) (F) ©) (H) ()
1 1320 | 3412 | 1320 69.7 | 0.000015 43 3455 1320 - 104,59
2 1637 | 1523 | 1523 38.0 | 0.000020 21 1544 1544 21 62,062
3 | 11638 | 14053| 11638 | 358.6 | 0.000002 | 203 | 14256| 11638 - 537,900
4 | 5326 | 7125 | 5326 208.3 | 0.000005| 122 7247 5326 - 312,450
5 | 4595 | 3906 | 3906 144.6 | 0.000007 77 3984 3984 77 235,283
6 | 29092 | 28421| 28421 | 857.7 | 0.000001| 471 | 28891 | 28891 471 1,398,614
7 359 239 239 8.7 0.000118 5 243 243 5 14,156
8 | 7997 | 8340 | 7997 | 203.4 | 0.000004| 114 | 8454 | 7997 - 305,100
9 | 2920 | 3222 | 2920 | 116.4 | 0.000009| 65 3287 | 2920 - 174,600
10| 492 535 492 21.6 | 0.000057| 11 546 492 - 32,400
State Total 3,256 |15,774,58¢
(Average cost/incremental beneficiary) (4,845)

The counties that have enough supply (2, 5, 6afsupply additional beneficiaries by
taking this intervention. New Medicaid enrollment leads to an expamsevhenenrolimentdoes
not lead to a dental servi@nd it increases the average cost. As an aggregated result, Washington
produces 3,256 new beneficiaries with a $15M budget when is increased Medicaid enroliment by

10,000 individuals. The average cost for one increméetadficiary is $4,845.

We examined the effect daén different levels oéligible childrenincremens from 100K
to 1M on new Medicaid dental beneficiari€sgurel7A shows the increment of number serasd
Medicaid/CHIP eligibility is expandedSimilar to Figure 16A, demandis only realized when
supply is available, and the rate increases in a decreasing rate of additional enrblijuesi.7B
shows the change in tlaeragecost fromone additionabeneficiary Georgia and Texas show

increased cost fefctiveness when compared to other states for inducing demand, whereas lowa and
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Minnesota do not have enough additional available supply, and hence show relatively poorer cost

effectiveness.

<Figurel7A. Effect of demand InducementsFigurel 7B. Avg. cost of Demand Inducement
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Figure 17. Results for demandinducement
4.4 Integrated Model to Maximize the Number of Children Served
In Sectionr43, we investigated how two i

ntervent

The model we have developed has some restrictions. First, it is difficult to decide which

interventbn is more effective since the total budget is not a controlling variable but an outcome

related with several other variables. Second, we need an approach to consider the tradeoffs between

two interventions if offered simultaneously. To resolve this litiitg we develop an optimization

model to maximize the impact of a budget increase. In this section, data from 2010 is used as it is

the most recent data available.
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4.4.1  Optimization Model

The objective is to maximizthe incremental number of Medicaid childrerho receive
dental servicg, as specified by the CMS Oral Health Initiatjg&] subject to allowable budget

The index, decision variables, parameters, and optimization ramelak follows:
Index
i County
Decision Variables
E Incremental number of Medicaid enrollment of state
A Incremental number of Medicaid enrollmentciounty i
9 Additional Medicaid Reimbursement fee
U Incremental number of served children in county i
Parameters
f CurrentMedicaid Reimbirsementee
C Medicaidenrollment cosper enrollment
V  Average dental visits per beneficiary
B Budget
O Number ofExisting ServedChildren

x Counties6 weight Bxrl)uninsured chil
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i A U

B#H &1 A On6 "

‘H % for all i
6 O 1 Agix for all i

6 O mMH KH z for all i
Buo »p

In the model, equatior36) is the budget constrainfThe btal cost is composed diie

(39

(36)

(37)

(39

(39

(40

enrollment cost for new enrollees, the new reimbursement fee for dental visits from new

beneficiaries, and the incremental reimbursement cost for dental visitekisting beneficiaries.
Since bothU and Y are decision varialsighis constraint is nonlinear. Equati®v) ensures that
new enrolleescome fromuninsured childrenln this constraint,x isthec ount i
uninsuredchildren Equation(40) ensures thathe sum ofthe weights isl across all counties
Equations 88) and(39) ensurethatthe new number of served childreb ( O is determined at

the minimum of estimated supply and demaftie termj A @@  is theestimatedsupplyand

es o

wei gh

mA A Az istheestimated demandNote that all of the nonlinear constraints are convex

functions @ thedecision variable
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442 Results

We solved the natinear program using data from the seven states with the NLP solver i
SAS/OR. Thirtyfive instances of the model are considered by applying five different levels of the
total budget from $10M to $100M to the problems of seven states that are mutually independent.
Table 33 shows the solution summar The number of variables, constraints, and nonlinear
constraints are also listed in the table. It takes approximately 25 min (approximately 10,000
iterations) to solve the largest problem, which was Texas. For states with fewer counties such as

Alabama,lowa, and Minnesota, we can calculate the optimal solutions in less than five minutes.

The solution summary shows that the optimal policy of two different interventions: the
additional reimbursement level (Y), and additional enrollment (E). The optimestiment in
Alabama is found by both increasing the reimbursement level and expanding enrollment. Alabama
has balanced demand and supply, so policies of inducing supply and demand are both effective for
all budget levels. Georgia and Texas show similarepag of optimal solution by investing all
budgets to induce demand. The optimal solution
is entirely focused on inducing supply. As the budget increases above $30M, the investment to
induce demand also becemeffective. Therefore, lowa does not have enough dental supply and
the investment should focus on inducing supply until a balance of supply and demand is found.
Louisiana and Minnesota show similar patterns, while Washington shows the opposite result to
lowa. The optimal investment for Washington is with a budget of $10M to induce demand, since
Washington has more counties with a demand shortage. After resolving this shortage problem, we
would also invest in a policy to induce supply. The average nunibiempoovements based on
optimal investments from the model is also listed. Washington could make additional
improvements with the same budget when compared to other states, while Georgia and Texas show

worse improvement.
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Table 33. Integrated solution summary.

Problem Summary

Solution Summary

Interventions Objective
Num. | Num. Avg.

State |Budget  of of Nonline Optimal Infeasi Iterati | SUPPLY ' DEMAND =~ | Avg.#
VariableConstr: ar Con.| ity Error | bility ons Add. Add. Serve Mprov
s ints Med.Fe | Enrollme d ement

e () nt(B) @

10M 0.00 0.00 25 1 5640 3538 35

30M 0.00 0.00 72 14066 3599 96

AL 50M | 552 | 612 @ 184 0.00 0.00 52 9 22402 3660 156
70M 0.00 0.00 130 13 31005 3719 216

100M 0.00 0.00 158 18 43742 3809 306

10M 0.02 0.02 | 10000 0 6117 4371 19

30M 0.89 0.02 | 10000 0 18292 4408 55

GA | 50M | 1110 | 1232 370 0.14 0.02 | 10000 0 99743 4443 91
70M 26.54 0.02 | 10000 0 42323 4479 126

100M 0.85 0.02 | 10000 0 61421 4532 180

10M 0.00 0.00 52 11 0 1123 39

30M 0.00 0.00 67 33 0 1193 109

IA 50M | 894 | 992 @ 298 0.00 0.00 132 51 2514 1245 161
70M 0.00 0.00 140 64 15975 1284 200

100M 0.00 0.00 159 89 23580 1337 253

10M 3.10 0.03 | 10000 5 289 4667 51

30M 0.03 0.03 | 10000 15 0 4760 144

LA 50M | 498 | 552 | 166 0.03 0.03 | 10000 25 238 4841 225
70M 3.37 0.03 | 10000 34 104 4915 299

100M 29.34 0.03 | 10000 46 13946 5017 401

10M 0.00 0.00 55 10 0 1586 34

30M 0.00 0.00 176 29 0 1644 92

MN 50M 768 852 256 0.00 0.00 271 47 2 1689 137
70M 0.00 0.00 121 35 58394 1722 171

100M 0.00 0.00 149 48 82201 1788 236

10M 0.13 0.07 | 10000 0 19373 3675 11

30M 0.07 0.07 | 10000 0 59436 3697 32

> 50M | 1650 @ 1832 550 0.07 0.07 | 10000 0 99276 3719 55
70M 0.07 0.07 | 10000 0 138742 | 3742 77

100M 0.08 0.08 | 10000 0 199756 | 3775 110

10M 0.03 0.03 | 10000 0 20187 7703 55

30M 0.31 0.03 | 10000 2 54006 7808 159

WA | 50M | 345 | 382 | 115 0.03 0.03 | 10000 6 76633 7907 259
70M 0.03 0.03 | 10000 9 99055 8007 359

100M 0.03 0.03 | 10000 15 132322 | 8155 506
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average improvement. For Washington, investing all resources in expanding enrollment is better
than investing in increasing reimbursement fdes. lowa, supplyinducementby increasing

reimbursement fees is better than demand inducement. The optimal solutions shosstthe

Figurel8showstheexamples of lowa and Washingtdie vertical axis represestounty

improvement for all the cases.
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Figure 18. Comparisonof optimal solutions for Washington and lowa

4.5 Chapter Summary

usi

models, we assessed the interventiohgxpanding Medicaid eligibilt to induce demand and
increasing Medicaid reimbursement levels to induce supptyderto find a balanced investment

between the two interventions considering dental supply and demand level in eachnstate, a

In this research, we develegha supply and demand model based aegressiormodel

ng CMS t

(0]

expl ain

Medi cai d/ CHI P eligible
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optimization model wasleveloped We solvedseveral instancefor seven states with data from

2010and found the best policies for each

One of benefits of the model that we developed is to make more detailed analysis possible,
since it not only explains dental supply and densamhratelybut ako estimates dental outcomes
at thecounty level. If we do noseparatesupply and demand or conduct aggregated state level
analysis, a major effect could be lost and incorrect conclsigian be drawn In addition, the
methodology we suggested to assedsrventionsis helpful to understanavhat happens in

different counties when we apply a health polityhestate level

It is important to note that there were several state differences in the results. Results from
one state are not necessarily aqgdtie to others. This emphasizes the importance of prescriptive
decision support models as opposed to a reliance on a few retrospective lstadidsion, results

from this study should not be directly applied to states not in the study.

There are, bwever,severalimitationsto this study. Firsthe mean parameter values are
used, andhe estimation error is not consideracny of the modeldf the approach were modified
to include estimation errors, then confidence intervals could be devétygbd results. Second,
we assumehat counties are managed independenkigit is,they do not share dental supmly
demandThis assumption is violated if patients from one county seek dental care in another county.

Data was not available to develomadel to estimate between county movement

In spite of these limitations, the methodology we suggest in this research is useful to
support decision makinigr each statdt may also be easily extended to other states with ceunty
level Medicaid/CHIP dataFurther, the research is novel in that it is the first attempt to model
supply and demand explicitly from actual data in order to accurately assess the impact of state

policies.
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CHAPTER 5

CONCLUSIONS AND FUTURE RESEARCH

In this dissertatiomve haveshovn how mathematicahodels and cost effective analysis
canbe used teolve variougpublic health caréssuesln addition, we have provided strategies to
address the key research challenges of i) specifying an appropriate quantitative objective, ii)
devebping a framework to compare access and insurance on the same scale, and iii) building an
integrated supply and demand model that considers complex interadimtike.previougesearch
we not only foundkey reasonthatexplaindisparities, butmore imprtantlysuggestedeasible and
efficientinterventions andtrategieshatcan beusedto reducehem.This analysisof the costs and
outcomes of comparative interventions is essentighdticy makers to make informed decisions
about using health caresources efficientlyn thisChapterwe conclude by summarizing the key

contributions and suggefgiture research topics.

Table 34. Summary of chapters.

Chapter Target Methodology Interventions to reducaisparities
Uninsured Multi Criteria Optimal location of FQHCs
Chapter 2 Underserved Optimization model Balanced investment on FQHCs a
Utility based Analysis Medicaid
Chapter 3 Children Logistic Regression Utilization and Fluoridation
. Regression Balanced investment on expandin
Low income . o . .
Chapter 4 . Nonlinear optimization | Medicaid enroliment and Increasin
Children )
model reimbursement rate

We have builta multicriteria optimization model faxbalanced investment FQHCs and
Medicaidthatalsoidentifiesthe optimalFQHC locaionsand services to providé benefit of the
optimization model used in this work is that it considers the entire FQHC organizatiiwalrk

in its solutions including geographical information, local estimates of needyarmht health care
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access ah coverage statudn addition, a utility approach was used to compare FQHC and
Medicaid expansion in the same framewda¥e recommenthat the current coverage stasiould
be considered as factor, sine®HCs play amore important role in primary carerfuninsured
patients. We believe that thisode| which considersbothaccess and coverage informatican

help policy analystsake bettedecisiongo addres$ealth care disparities.

We analyzedNSCH data andfound that there is inequalityin childrerfs oral health
outcomes based ansuranceaype. Webuilt a regression model to predict the health score using
interventions and demographic information. Water fluoridation has a significant effertlbon
healthstatus particularlyfor Medicaid and uningedchildren Preventive dental care utilization
for EPSDTalsot ur ns out si gni f i c aralhealth statusTheeresilts showd ¢ hi |

that it can also beery critical intervention to reduce the disparitiesMedicaid children.

Finally, we developdaregressiomo d el to expl ain childrenb6s d
assess two different intervention$ expanding Medicaid eligibility and increasing Medicaid
reimbursement level$doreover,we find a balanced investment betweenst®vo interventions
considering dental supply and demand level in eachtstaitéroducinga NLP optimization model.

We solvedexamples foseven states with 20ata from CMSandfoundthe optimal solutions.

One of benefits of the model is to make more dedailealysis possible, since it not only explains
dental supply and demagédparatelybut also estimates dental outcoraethecounty level. If we

do notseparatehe supply and demand or conduct aggregated state level analysis, a major effect
could be losand an incorrect conclusion could be generaiésh themethodology we suggested

to assess interventiors helpful to understangthat happens in different counties when we apply

a health policyat thestate level

There are several opportunities fature researchor the optimization model described
in Chapter2, we assumé there issufficient health workforcecapacity. Howeverhoth Medicaid
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and FQHC expansion would requirgdditional healthcare workerghis would be similato the
work performedn Chapter 4 determininghow to properly considexorkforce capacityvould be
an important extensioferforming this is a more complicated health care setting is difficulty since

supply and demand are for multiple conditions which may hayearbidities

Further, one limitation in Chapter 2 is that we estimabedikelihood of visit by travel
distancebased ora decreasing function of distance, witle maximum distance defined by the
guidelines.However, we can expect the visits by travel distancddcalso depend orsocic
demographic factors. If we could collemppropriatedata and findsignificant relationshipsthe

model in chapter %ould providebetter demand estinmes

Further,we do not explicitly model other safety net providers such apitad sponsored
outpatient clinics We alsoassumd that the services they providee independent oFQHC or
Medicaid expansionWe were not able to find data that would allow us to add this level of
complexityincludingother safety net providers in thedelis another potentially fruitfulthough

challengingavenue

In Chaptel2, wemodeled the state &ennsylvanidt would not be appropriate to conclude
that the results would be similar for all other states. Therefore, it is important in thetéutibtain
data from other states and apply the methodol8gyilarly, more data from other states could

improve theresuls for the model described @hapter.

We havefocused orcosteffectivenessanalysis throughut this dissertationHowever, more
costeffective care does not necessarily meetter health care. Using the health care expenditures
as a measure ahinterventionhelps with the analysidut there could bethermeasures thdtetter
represent individual healttoutcomes Developing sah measurescould be very helpful.

Furthermore, we limited target group to low income and residents in rural areas in chapter 2, and

83



low income children in chapter 8nd 4 We can expand the problems to othelinerable

populationssuchwomen, raciabhnd ¢hnic minorities, and older adults
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APPENDIX A. NHANES QUESTIONNAIRE

MCQ.010

MCQ.220

MCQ.080

NHANES QUESTION (General Care)

Has a doctor or other health professional ever told {you/SF} that {you have/s/he/SP has} asthma (az-ma)?

CAPI INSTRUCTION:
IF SP AGE == 12, DISPLAY SP NAME AND "S/HE":
IF SP AGE < 12, DISPLAY "YOU" AND SP NAME.

HELP SCREEN:

Asthma: Asthma is a condition that affects your airways.that carry air in and out of your lungs. It causes
symptoms like wheezing (a whistling sound when you breathe), coughing, chest tightness, and trouble
breathing,

INTERVIEWER: DO NOT ACCEPT SELF-DIAGNOSED OR DIAGNOSED BY A PERSON WHOQ IS NOT A
DOCTOR OR OTHER HEALTH PROFESSIONAL.

NO e 2 (MCQL053)
REFUSED ... T (MCQLO53)
DONTKNOW .. 9 (MCQLO53)

{Have yowHas SP} ever been told by a doctor or other health professional that {yows/he} had cancer or a
malignancy (ma-lig-nan-see) of any kind?

HELP SCREEN:

Cancer. An abnormal uncontrolled growth of tissue that has potential to spread to distant sites of the body,
also known as a malignant tumor.

Malignancy: A tumor or growth that is cancerous. (see Cancer)

NO e 2 (MICQL.243)
REFUSED ... T (MICQL.243)
DONTKNOW .. 3 (MCQ.245)

Has a doctor or other health professional ever told {you/SP} that {you were/s/he/SP was} overweight?

DONT KNOW L

0= R =
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DIQ.010

KlQ.022

BPQ.020

PFQ.020

{Other than during pregnancy, {have youwhas SP}{Have you/Has SP}} ever been told by a doctor or other
health professional that {you have/{he/she/SP} has} diabetes or sugar diabetes?

CAPI INSTRUCTION:

IF SP AGE < 15, DISPLAY "HAS SP" FOR THE FIRST DISPLAY AND "SP HAS" FOR THE SECOND
DISPLAY.

IF SP IS FEMALE AND AGE >= 20, DISPLAY "OTHER THAN DURING PREGNANCY, {HAVE YOU/HAS
SPy.

YES oo 1

NO e 2 (BOX4)
BORDERLINE OR PREDIABETES 3 (BOX4)
REFUSED oo 7 (BOX4)
DONT KNOW ..o 9 (BOX 4)

{Have you/Has SP} ever been told by a doctor or other health professional that {you/s/he} had weak or

failing kidneys? Do not include kidney stones, bladder (bladd-er) infections, or incontinence
(in-ken-ti-nens).

2 (KIQ.026)
7 (KIQ.026)
9 (KIQ.026)

{Have you/Has SP} ever been told by a doctor or other health professional that {you/s/he} had hypertension
{hy-per-ten-shun), also called high blood pressure?

IF HIGH BLOOD PRESSURE ONLY DURING PREGNANCY, CODE NO.

INTERVIEWER INSTRUCTION: IF SP SAYS "HIGH NORMAL BLOOD PRESSURE", “BORDERLINE
HYPERTENSION" OR “PREHYPERTENSION" CODE NO.

YES oo 1
(o SO 2 (BPQ.O52)
REFUSED oo 7 (BPQ.OS2)

DONTKNOW 9 (BPQ.052)

{Do you/Does SP} have an impairment or health problem that limits {your/his/her} ability to {crawl, walk or
play} {walk, run or play} {walk or run}?

CAPI INSTRUCTION:

IF CHILD'S AGE = 1-4, DISPLAY "CRAWL, WALK OR PLAY". IF CHILD'S AGE = 5-15, DISPLAY "WALK,
RUN OR PLAY". IF SP'S AGE = 16-19, DISPLAY "WALK OR RUN".

2 (BOX 1BB)
7 (BOX 1BB)
9 (BOX 1BB)
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AUQ 191 In the past 12 months, {have yowhas SP} been bothered by ringing, rearing, or buzzing in {your/his/her}
ears or head that lasts for 5 minutes or more?

YES oo 1

NO oo 2 (AUQ211)
REFUSED ..o 7 (AUQ211)
DONT KNOW .. 9 (AUQ.211)

H5Q.510 Did {yowSP} have a stomach or intestinal iliness with vomiting or diarrhea that started during

those 30 days?
Y E S 1
MO 2
REFUSED . 7
DONTKNOW 8

HSQ.520 Did {you/SP} have flu, pneumonia, or ear infections that started during those 30 days?

B e e 1
MO e 2
REFUSED ... 7
DONT KNOW L 8

HCQ.030 Was the test result in our letter the first time you were told (you had/SP has)
hepatitis C?

. Yes (HCQ.070)

.No

. Refused (HCQ.070)

. Don't know (HCQ.070)

e ]

o
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NHANES QUESTION (Oral Care)

0OHQ.620 How often during the last year {have yowhas SP} had painful aching anywhere in {yourhis/her} mouth?
Would you say . . .
HAND CARD OHQ1
Veryoften, . 1
Fairlyoften, ... 2
OCCASIONANY, ..o 3
Hardly 8Ver, O ... 4
NEVET? e 5
REFUSED .o 7
DONTKNOW 9
0OHQ.630

How often during the last year {have yowhas SP} felt that life in general was less satisfying because of
problems with {your/nis/mer} teeth, mouth or dentures?

HAND CARD OHQ1
VERY OFTEN, ... 1
FAIRLY OFTEN,.... e 2
OCCASIOMALLY ... 3
HARDLY EVER, OR.....ococe 4
NEVER? 5
REFUSED .. 7
DONT KNOW 9
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