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My dissertation consists of three chapters, eastthach empirically examines

impacts of U.S. health care policies on hospitat ¢ar a subgroup of disadvantaged
populations. The first chapter studies the impattdedicaid coverage expansions for
pregnant women on patient reallocation across tadspif patients from low-income
zip codes, who are likely to gain coverage aftgraexled public insurance coverage,
have limited hospital options due to a lack of pas@irce, they may be able to receive
care at higher quality hospitals once they obtavecage. Using Florida hospital data
and the Nationwide Inpatient Sample (NIS) for 19885, | find that low-income
mothers who gained coverage following the exparssgave birth at higher quality
hospitals—facilities with neonatal intensive cargtsiand those with low postnatal
complication rates. In the second chapter, | comtimvestigating the effects of
expansion, but examine its impact on hospitalsvision of indigent care, along with
the impact of the Balanced Budget Act of 1997, wghreductions in Medicare and
Medicaid hospital payments, on hospitals’ supplyndigent care. The definition of
hospital indigent care is, for the purpose of thssertation, based on uncompensated
care costs in dollars, volume of the uninsured,andunts of unprofitable services
provided. Using the Florida hospital data for 1290, | find that these two health
care policies reduced hospitals’ provision of irtiggcare, but to different extents, and
that the policy impacts differed by hospital owrgpstype. The third chapter, a joint

project with Kosali Simon, examines the impactha Children’s Health Insurance



Program on hospital utilization for low-income chign. The expansion of public
insurance coverage results in two contrasting efféat could increase or decrease
hospital care for low-income children. On the oaedh the gain of public insurance
coverage will increase access to primary care tlaisdnay prevent hospitalizations,
particularly those with ambulatory care sensitigaditions, to some degree. On the
other hand, the coverage gain means lower cosigrefand thus may increase
hospital care across the board. Using the NIS 98612002, we find that
hospitalization rates and intensity of care inceglasverall, but these increases

originated from increased non-ambulatory care sigadiospitalizations.
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CHAPTER 1

The Impact of Medicaid Expansion on Patient Realloation Across Hospitals

[. Introduction

During the late 1980s and early 1990s, the U.Segowent implemented two major
health policies in order to improve health outcofoedow-income mothers. One was
to provide more low-income pregnant women with pubkalth insurance coverage,
and the other was to provide medical care supphtshigher payments for treating
low-income mothers. A large body of prior resednaks shown that these policies
succeeded in enhancing health outcomes for lowngcpatients, primarily through
increasing the quantity of prenatal care: moredvisi physicians and greater
utilization of medical services during visits (Marg and Long, 1999; Epstein and
Newhouse, 1998; Currie and Gruber, 2001; Lengl, 2005). Despite extensive
research on the achievements of the expansionypbtite is known about whether
the expansion of public health insurance helpsilos@me mothers to receive care at
higher quality hospitals. If those who obtain cage also have better access to high-
quality hospitals, in addition to better accespreenatal care, this will contribute to
enhancing their health outcomes.

Previously, three studies examined how site of tmréow-income pregnant
women responded to Medicaid policy changes: BakdrRoyalty (2000) for
physician care; Duggan (2000) and Aieeal (2005) for hospital care. Baker and
Royalty (2000) studied impacts of Medicaid expansiand physician fee increases on
reallocation of low-income mothers across physiand showed patient reallocation
between public and private physicians. Concernmgphal care, Duggan (2000) and

Aizer et al (2005) found that increased Medicaid paymentsuiingahe Medicaid



Disproportionate Share Hospital (DSH) progtarallocated low-income mothers
from public to private hospitals. With caution, b@aker and Royalty (2000) and
Aizer et al (2005) suggested that this movememhfpablic to private care providers
enhanced quality of care, and thus should haveawsal health outcomes: Baker and
Royalty (2000) believed that physician care iniggie setting allows for more
continuity of care, while Aizer et al (2005) assuhtleat private hospitals are likely to
be higher quality because these are mainly useqatibgtely insured patients, who
have few constraints on hospital choice. Inspingthiese three studies, | explore the
impact of Medicaid coverage expansions on patiegitocation across hospitals,
comparing several attributes of hospitals utilibgdnaternity patients before and after
the policy change. Studying maternity patientsdegeral advantages. First, virtually
all babies are delivered in a hospital, unlike mdrsgases for which patients may or
may not select hospital care. Therefore, we camlgedst a full sample of childbirth
patients and rule out selection problems. Secomdjnant women have enough time
to research hospitals, compared to other patientpg that usually do not have such a
long time to decide on their care providers. Thadnore practical reason to study
birth is that pregnant women were major benefiesmof nationwide Medicaid
expansion policies in the late 1980s and early $9B¢reased income thresholds for
Medicaid eligibility during this period providedi@arger number of low-income
pregnant women with public health insurance cowerag

Ideally, 1 would like to examine whether materrgtients who were
previously uninsured but gained public insurancescage were reallocated between
hospitals, and, if they were, whether such chamgee associated with improved

quality of care, i.e., increased access to highatity providers. However, the data

! Medicaid DSH payments are supplemental paymeriisdpitals that serve disproportionately large
numbers of low-income patients.



sets available to me, Florida hospitals’ dischalgia and the Nationwide Inpatient
Sample (NIS), lack patient income information. Tfere, | use patients’ zip code
median household income to classify patients irgattnent and control groups, and
study patient reallocation across zip code incoategories.

The objective of this paper is to empirically examwvhether maternity
patients from low-income zip codes are reallocétedifferent types of hospitals after
Medicaid expansions, and if so, whether these kaspre higher quality. Those from
low-income zip codes are more likely to be unindwuaed indigent, so have a higher
probability of gaining coverage when the Medicaidgram increases eligibility
income thresholds. As a result, | expect that ttiasa low-income zip codes are
more likely to move to different hospitals after dieaid expansions, particularly to
those of higher quality if lack of coverage res&ttheir hospital options previously.

Despite ongoing interest in quality of hospitalecand a great deal of effort
toward inventing a valid measdréhere is no consensus about which aspects of
guality to measure (Jha et al, 2006). In this papeategorize hospitals based on
hospital attributes and clinical outcomes—ownersie, teaching status, presence of
NICU, obstetric volume, bed capacity, urban/rutatuss, and postpartum complication
rates—and compare attributes of hospitals useddignmity patients from low-
income zip codes before and after Medicaid expassilm particular, | focus on two
hospital attributes that directly measure qualith@spital care—neonatal intensive
care units (NICU) and postnatal complication ratestd-examine whether utilization
of hospitals with NICU or those with low complicari rates increased among those
from low-income zip codes after Medicaid expansigithough hospitals may adjust

their quality of care in response to policy impleraions, this paper will not discuss

2 Hospital Compare (the Center for Medicare and k&di Services), Quality Check (the Joint
Commission), US News and World Report, the Leapfogup Hospital Survey, HealthGrade, New
York State Report Card, and so on.



those possible changes in hospital quality, bug didcuss changes in sites of hospital
care in settings in where hospital quality is noeadogenous variable.

In order to examine the impact of coverage expaissom patient reallocation,
| use discharges from all hospitals in Florida @& &s 20 percent of community
hospitals in the NIS, and select patients aged4léddo were hospitalized to give
birth during 1988-1995. Without patient income mh@tion, | construct my treatment
group and control groups based on patient zip cogldian household income: the
treatment group is comprised of those whose zig @ocbme levels were between
100 and 185 percent of the federal poverty levBL()Hthe income range that was
above the eligibility income threshold prior to Meald expansions and below the
income threshold after the expansions); the twdrobgroups are: those whose zip
code income levels were below 100 percent of tHe &#l those whose zip code
income levels were above 185 percent of the FPL.

Conducting two sets of analysis, at the hospitalland at the patient level, |
compare types of hospitals used by patients inrdament group and those in the
control groups. In the hospital level analysisxamine whether the proportion of
maternity patients in the treatment group increadexcertain type of hospital after
Medicaid expansions. For example, if those in thattnent group obtained coverage
and moved to hospitals with a NICU, the proporiwdnhese mothers would increase
at NICU hospitals. In the patient level analysigsé conditional logit models to
examine which of the hospital attributes determipatients’ choice of hospitals. In
the national setting, however, lack of patient@pe information and a sampling
nature in the NIS force me to use binary logitioear probability models. Using each
of the hospital attributes as a dependent varidlsieparately estimate whether or not
those from low-income zip codes chose hospitall wiite attribute rather than

hospitals without that attribute: for example, wietthey chose FP hospitals over



NFP hospitals. Also, the availability of patienteanformation for some states allows
me to investigate racial disparities in accessgb-guality hospitals. Since non-
whites are over-represented among low-income gatiercreased public insurance
coverage is expected to reduce racial dispartidmth quantity and quality of care.

| find some evidence that Medicaid expansions ftethese from low-income
zip codes to give birth at higher quality hospitétsFlorida, the two eligibility
expansions in 1989 and 1992 reallocated patiemtsaitospitals to different extents.
The 1989 expansion, which was the eligibility exgian alone, appeared to increase
access to safety-net hospitals (teaching and phbbBpitals), hospitals with NICU,
and those with good clinical outcomes. However, mine eligibility expansion was
paired with a physician fee increase in 1992, nmétyepatients from low-income zip
codes had further increased hospital choice setkiding hospitals of private
ownership and hospitals with better clinical outesmrhe size of patient reallocation
was larger after the 1989 expansion, which wastahtoward extremely indigent
patients. In the national setting, my findings emesistent with those in Florida,
particularly the results from the 1989 expansiomther words, maternity patients
from low-income zip codes were able to deliverettdr safety-net hospitals and those
with good clinical outcomes. | also demonstrate thaternity patients of color
benefited the most, implying that racial dispasitie access to high quality providers
were somewhat reduced after coverage expansions.

The outline of this paper is as follows. Sectioddkcribes the background of
Medicaid policy changes, and Section Il provides tonceptual framework. Section
IV summarizes the findings of previous literatuaad Section V explains empirical
strategies and data sets. My results are discussgettion VI, and Section Vi

provides further discussion and concludes the paper



Il. Background on the Medicaid Program

Medicaid is an entitlement program under Title XdXthe Social Security Act, jointly
funded by state and federal governments. Sinasttblishment in 1965, the
Medicaid program has been a major source of heatirance for low-income
individuals who otherwise would not be able to edfprivate health insurance. States
have broad discretion to decide eligibility, scapservices and reimbursements.
Before 1984, Medicaid eligibility was closely tiadgth the Aid for Families to
Dependent Children (AFDC) program, so that onlygedt, single mothers were
eligible for Medicaid, and its income cutoffs weagly low (Gruber, 1997).

Between 1984 and 1987, however, the restrictiofaomnly structure had been
lifted, and income cutoffs for Medicaid eligibilityere raised significantly. By 1992,
all states were required to provide Medicaid coger® all children under age six and
pregnant women with family income up to 133 peradrihe federal poverty level
(FPL), with the option of extending coverage ud 8 percent of the FPL. As a
result, the fraction of women eligible for Medicackatly increased, from 20 percent
in 1986 to about 45 percent in 1992 (Currie ando@rul1996). As in Currie and
Gruber (2001), | take advantage of the variationsize and timing of the expansions
across states in the study of the national sample.

Before examining the policy impacts with the natibsample, | extensively
study hospitals and patients in the state of F&riflollowing the federal
requirements, Florida extended Medicaid coveraggettimes in October 1987, July
1989, and May 1992 Although the first event in 1987 was the largestease in the

eligible income limit from 47 to 100 percent of tAEL, | can only examine the last

% | choose the state of Florida because of manydstimg features in its health care market, as agll
the availability of the hospital universe and dethidata. Florida has the second highest uninsated
in the nation—19.2 percent of the non-elderly pafjah—and the fourth largest Medicaid population.
* Table 1.1 summarizes the Medicaid policy changksed to obstetric care in Florida for 1987-1995.



two expansions (1989 and 1992) because data coltdatgan only in 1988. In July
1989, the income eligibility threshold was raiseaii 100 to 150 percent of the FPL,
and then it was raised further, up to 185 percétit@FPL, in May 1992. Figure 1.1
shows Medicaid enrollment growth and the trend efdMaid deliveries in Florida.
Although I cannot separate the enrollment of preagmeomen from total enrollment,
the growing Medicaid enrollment, along with incredsiumber of Medicaid deliveries
in the late 1980s and the early 1990s, confirmsttteeMedicaid expansion policy
effectively helped low-income mothers to gain caer and seek health care

In addition to the increased income limits, Medicphysician fee for obstetric
care also increased in the nation (Currie et &5)%n average, the Medicaid to
private fee ratio increased from 0.52 in 1989 &00n 1993. Also, the Florida
government twice raised Medicaid physician feeofustetric care. Firstly, in 1988,
there was a large fee increase for global obste#nié from $315 to $800 ($1100 for
high-risk patients) Secondly, in 1992, the global fee structure weisched to a
separate fee system, under which physicians wedeb880 ($1100 for high-risk
patients) for a delivery only, with an additionakfof $50 for a prenatal or postnatal
care visit. For example, if a pregnant woman witadidaid made 8.7 prenatal visits
and one postnatal visit, i.e., the average numbprematal and postnatal visits (Currie
et al, 1995), the physician who treated her would rez&#83 in addition to $800,
the fee for a non-high-risk delivery. Comparedhe physician fee before 1992, the
global obstetric fee increased 60 percent per piatidorton, 1995): as a percentage of
private payers’ average charges, Medicaid physi@as increased from 47 percent in

1989 (Schwartz, 1991) to 66 perceint 1992.

® Since researchers did not find any increasingdtieirths among Medicaid-eligible mothers

(()DeLeireet al, 2007), this increase in enrollment is not attidolto an increase in fertility.
Global obstetric care includes prenatal careydgli and postnatal care.

’ In Florida, the Medicaid physician fees for vagideliveries and c-sections were the same.

8 (8.7+1)x$50=$485.

° | estimate this value based on the method disdlssBection VI.



[Table 1.1] Florida Medicaid Policies During 1987-295

Medicaid Eligibility Expansions Effective Date
Income eligibility expanded from 47% to 100% of FPL October 1987
Income eligibility expanded from 100% to 150% ofLFP July 1989
Income eligibility expanded from 150% to 185% ofLFP May 1992
Medicaid Obstetrical Fee Increases Effective Date
Raising obstetrical global fees from $315 to $800
Instituting a new global fee for $1100 for highkrjgregnant 1988

women
Global obstetrical fees eliminated: new deliveryydees of
$800 and $1100 established for low- and high-rislkveries,
respectively.
New per visit fee of $50 created for prenatal caapped at 10
visits per pregnancy for low-risk women and 14tgi$or high-
risk women
New per visit fee of $50 created for postpartunecaapped at
two Visits per pregnancy.
New fee of $50 created for administration of Heal8tart risk
assessment screen; $100 if completed in first siere
Source: Hillet al (1998)

July 1992

% All Mothers Receiving Care

Deliveries in 1st Trimester
90000 — —- 84%
1 Medicaid Eligibility R
80000 185% of Poverty Leve H 82%

70000 + ¢
b1 T 80%
60000 + e //
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40000 + / Prenatal Care
/ H T4%
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100% 5
20000 Jof Poverty Level / + 72%
P
10000 ’lﬁ". H T70%
U 1 1 Il 1 1 1 1 1 Il 1 1 Gaofo

1987 1988 19389 1990 1991 1992 1993 1994 1995 1996 1997 1998

Source: Medicaid delivery data from "The Effects of the Florida Medicaid Eligibility Expansion for Pregn:
Women,” by RAND (adjusted); ACHA Health Policy and Analysis. Early prenatal care from DOH Annual
Statistics Report, 1987-1998.

A. Medicaid Eligibility Income Threshold and Deliye

[Figure 1.1] Florida Medicaid Eligibility, Delivery , and Enrollment



Medicaid Enrollment Growth in Florida
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Source: Social Services Estimating Conferencepuaryears. Downloaded from
http://collinsinstitute.fsu.edu/research/table/ Mg collinsinstitute.fsu.edu/research/table/71

B. Medicaid Enroliment
[Figure 1.1] continued

lll. Conceptual Framework

Hospital Care Decision

Traditionally, low-income uninsured patients haweited hospital options to
the extent that they have to depend primarily datganet hospitals, i.e., public or
major teaching hospitals. These hospitals take afaitee majority of low-income
patients under an obligation to provide care feritidigent in return for receiving
government funds. By contrast, non-safety-net hakspiparticularly high-quality
institutions, may be reluctant to accept low-incamensured patients due to
uncertainty about receiving payment for providiagec

The site of hospital care is determined by patjgrttgsicians, and hospitals:

patients demand hospital care, hospitals supplgdhe, and physicians link these two



sides. Once a patient chooses her physician, Ispitaboptions are restricted to those
which the physician has admitting privileges withthat sense, patients’ hospital
choices are influenced by their physicians to aestent (Luft et al, 1990; Burns and
Wholey, 1992). However, patients can play a maye in selecting hospitals by
choosing treatment physician-hospital bundles (MdGand Porell, 1984; Tay,
2003), and by actively expressing their preferencgsysicians (Wolinsky and Kurz,
1984). If physicians, as agents, take into accpatients’ preference for hospitals, or
if physicians’ hospital choice depends on manyhefsame factors that influence
patients’ hospital choice, physicians’ choice ofpitals will reflect the outcomes as if
patients maximize utility by independently chooshagpitals (Porell and Adam,
1995). In this paper, whether patients themselvélerr agents (physicians) choose
hospitals is not an important issue. What matteteat whoever selects a hospital has
relative preferences for one hospital attributerakie other (e.g. teaching hospital
over non-teaching hospital) when all other attrésudre constant, and these relative
preferences should be systemically reflected impi@lsadmissions.

| conjecture that Medicaid expansions provide itiges for both the supply
side (hospitals) and the demand side (low-incontiemia) to change their behavior
with regard to hospital admission and selectiomepas, respectively. The rationale
behind this conjecture is based on the following agsumptions: first, hospitals,
maximizing profits or some combination of profitsdeother elements, prefer paying
patients; second, all else being equal, patieritxhaose the highest quality hospitals
among those available to them.

On the supply side, hospitals can rank patientesdas profitability:
according to the Lewin Group (2005), hospitals’ mayt-to-cost ratio is 1.22 for the
privately insured (most profitable), 0.14 for indig and uninsured patients who

usually incur uncompensated care (the least pbdéijaand the profitability of

10



Medicaid patients is between these two (Medicagpital payments including DSH
cover 92% of the costs). Due to hospitals’ prefeeciior profitable patients, |
conjecture that a level of access to different $ypiehospitals varies according to the
profitability of their payer source, i.e., patienteverage types. In particular,
opportunity costs of treating those without coveratpy be greater for high-quality
hospitals, which can attract a large number ofgtely insured patients. As a result,
low-income uninsured patients are expected to Havenost difficulty in accessing
high-quality care, in addition to have the leastemss to care in overall. Despite low
reimbursement, hospitals receive guaranteed pagnentreating Medicaid patients.
The certainty of Medicaid payments, as well as érgimounts than those received
from average uninsured patients, suggests thatddedpatients are more profitable
than low-income uninsured patients, who mostly émgaying a significantly small
amount (14% of the costs), or paying nothing a{lalcompensated care). Therefore,
Medicaid expansions, by changing insurance stdtansarly poor mothers from
uninsured to Medicaid, create more profitable pasiéor hospitals and consequently
increase the pool of patients with a reliable paygamrce. With the increased
profitability of low-income mothers, | hypothesiiteat coverage expansions would
increase hospitals’ willingness to provide carét@-income mothers, including high-
quality institutions. Obviously, the underlying asgption is that hospitals have extra
capacity to admit additional patients, and margiegenue from a low-income patient
is greater than marginal cost of treating her. @@rs1g low occupancy rates in the

1990s—59 percent in Floritfsand no more than 65 percent in the nation (Baztoli

19| calculate this occupancy rate based on obstediie only for Florida hospitals, which is total
inpatient days divided by total available bed deysesponding obstetric care. 59 percent is the
average of the occupancy rates for 1988-1995.
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al, 2003}*—1I conjecture that hospitals did have room for &#ddal patients as long
as the marginal revenue of care is larger thamttueyinal cost.

On the demand side, patients’ hospital choice ddgpen various factors, such
as preference, convenience, knowledge, experigma@ance coverage, quality of
care, hospital reputation, and recommendationsieyds and physicians. In this
paper, | am only able to examine the relationsleipvben changes in insurance
coverage and hospital choice, assuming that alislsonstant, or other effects are
averaged out. Medicaid expansions provide indigasthers with not only low-cost
health insurance coverage, but also possibly mudebatter hospital options. As a
result, those who gain coverage are expected mireiae their utility functions and
thereby select the best hospital given a new, edgrachoice set.

Combining the effects on the demand and supplyssafi@ospital care, |
hypothesize that the expansion of the Medicaid rarogwould have reallocated low-
income mothers between hospitals, and that theifatspsed by low-income mothers
who gained coverage would be of higher quality tthense used by uninsured low-
income patients.

My hypotheses above are based on several assumpdarthe supply side,
the underlying assumption is that hospitals avéelat low-income uninsured patients
are different from those available to paying pasemcluding Medicaid patients, and
the latter may be of higher quality than the forntéwever, if hospitals do not view
Medicaid and uninsured patients very differently do low Medicaid payments, | will
find little reallocation effects after the expansi&or the robustness check, | will use
variations in Medicaid payments across states aathime whether states with lower

Medicaid payments had smaller reallocation effédtsthe demand side, the

1 Although there are regional and seasonal variatiomospital occupancy rates (higher occupancy
rates in regions with larger black populations dndng the winter) (Chiswick, 1975), occupancy sate
had been universally low across the nation undirtiid 1990s.
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underlying assumption is that patients who gairecage, in order to move to
different hospitals, should be able to access playss who have admitting privileges
at the hospitals to which they want to move. Thiplies that patients with Medicaid
coverage may see a different set of physicianstteycould without coverage, and
these new physicians have admitting privileges Wwigher quality hospitals.
Alternatively, the patients may see the same sphygsicians, but the gain of
Medicaid coverage can help them to be referretig¢o preferred hospitals in the
following process: on the patient side, those waimed coverage may make more
visits to physicians or increase interactions witlysicians during a visit, which
improve physicians’ understanding of patient heatitd preference, and thereby
enhance matching processes between patients apilahgson the physician side,
expected Medicaid payments may provide a greatentive to increase interactions
with patients and accommodate their preferencekidfintermediate process fails, we
may see little effect on patient reallocation.

On the demand side, there are at least four o#todors that could potentially
reduce policy impacts on patient reallocation: take-up rates, crowding-out effects,
low elasticity of demand for high-quality care, amegidential segregation. First, not
all of the Medicaid-eligible population takes up ditsaid: even if a larger number of
low-income individuals become eligible for Medicaahly those who actually enroll
in the program can take advantage of its ben&isisidering that a high percentage
of births (35-40%) have been financed by Medichalyever, low take-up rates may
be less of a problem. Second, the crowding-outgeoa those who previously had
private or other forms of coverage but switchetexicaid. Since private insurance
payers provide more generous reimbursements (CamdeGruber, 2001), the
crowding out group are likely to receive lower gtigrand quality of care if they

switch to Medicaid. | will address concern abowveding-out effects in Section V.
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Third, low-income patients who face lower costeafe and better hospital options as
a result of the coverage expansion may not be nesgonsive to the quality of
hospital care: for those with low socioeconomidiusgtatheir marginal costs (in terms
of time and money) of searching new (high-qualitg¥pitals may be extremely high
compared to their marginal benefits. Fourth, thetyally may be willing to move to
higher quality hospitals but unable to do so ifytheside in areas where high-quality
hospitals are too far away (Currie and Thomas, 18&%r et al, 2005). There is some
evidence that hospital racial segregation is paltily to residential segregation (Smith,
1998; Sarrazin et al, 2009). If the same logiqigli@d to disparities in access to high
quality care between low-income and high-incoméepé#d, low-income patients may
have more constraints on access to high-quality lbacause their residence is

geographically isolated from high-quality hospitals

Hospital Quality

Hospital quality is a complex, multi-dimensionahcept, which can range
from clinical outcomes to resource utilization atireent intensity, patient safety, and
satisfaction. Recently, a great deal of attentias een paid to hospital quality with
regard to patients’ choice of hospitals (Leifftal, 1990; Burns and Wholey, 1992;
Phibbset al, 1993; Hodgkin, 1996; Cherneat al, 1998; Tay, 2003; Howard, 2005).
Despite limited information in hospital administvat data, previous studies widely
used clinical outcomes as a direct quality meaguumatality or complication rates),
and considered hospital attributes such as hospitaérship, teaching status, high-
tech services, patient volume, medical staff lesehed capacity as an indirect quality
measure. Particularly for obstetric care, possiblieome quality measures are
neonatal mortality rates (Phibbsal, 1993), complication rates (Romaebal, 2005),

adverse outcomes (Epstanal, 2008), and other procedure and patient safety
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indicators invented by the HCUP. In this paperse the risk-adjusted postpartum
complication rates for the clinical outcome measure

Unlike the direct quality measure, how to interghet indirect measures is
debatable. Among those indirect quality measurespitals with NICU are
unambiguously considered higher quality providaethospitals without a NICU.
For the rest of hospital attributes, however, o clear whether a hospital with one
attribute is better than the one without it. Intmarar, the relationship between
hospital ownership and quality of care is highlytoversial (Egglestoat al, 2006).
Some argue that FP hospitals provide higher queditg in order to attract profitable
patients (Mukamel, 1999; Taylor et al, 1999; SId2003), while others claim the
opposite: FP hospitals provide lower quality ofechecause profit maximizers only
care about profits, but not the quality of caregig2002; McClellan and Staiger,
1999; Norton, 1998). Another argument is that thality of care does not differ by
hospital ownership type (Sloan et al, 2001), deast not between private FP and
private NFP hospitals.

Similarly, the relationship between teaching statog quality of care is
uncertain. Generally, teaching hospitals are kntwprovide high-quality care for
heart diseases and other surgical procedures (Knitér, 2004), but there is no such
evidence for obstetric care (Finkelsteinal, 1998). In fact, Phibbst al (1993) found
that privately insured patients preferred non-teaghospitals because they provide a
more private environment during delivery. Larged &imgher volume hospitals seem
to offer more efficient and better-quality caret Bgain, there is no consensus about
the relationship between hospital size (or voluare) the quality of care: the hospital
size reflects a level of services available, amgdafacilities can produce economies
of scale, which improves resource allocation; sstudies showed that a higher

patient volume is positively correlated with lowefant mortality (Rogowsket al,
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2004; Phibbst al, 2007), and HealthGrades (2007) take obstetrigmelinto account

when they determine hospital rankings.

V. Literature Review

Prior research on Medicaid policy can be categdrinto two groups: studies on
coverage expansions and studies on payment insteEse coverage expansions
directly provide health insurance coverage forgdanumber of low-income, medical
care consumers, whereas the payment increase<featecial incentives for medical
service providers to offer more care to them.

A substantial amount of research has been devottégbtcosts and benefits of
the Medicaid expansion policy. In particular, pag literature has highlighted the
achievements of this policy for the demand sideraased access to care, and
enhanced health status for low-income mothers amdarns (Marquis and Long,
1999; Epstein and Newhouse, 1998; Curie and Fa0d,;Zurrie and Gruber, 1996
and 2001; Kaestner et al, 1999; Lataal, 2005; Dafny and Gruber, 2005). However,
the impact of this policy on the supply side hasrbeverlooked, although Medicaid
expansions can also alter suppliers’ motivatiorelation to the provision of medical
care for low-income patients. More specifically, dit&aid expansions increase
hospitals’ expected payments for treating those wiie previously uninsured but
became eligible for Medicaid. The certainty of pays for treating these patients
may motivate hospitals and physicians to accepermw-income patients. If higher
guality providers become more available to the Medicaid population, this
increased access to higher quality of care withbether channel that leads to
improved health outcomes for low-income patientswhlver, this mechanism has not

been discussed as the impact of coverage expansions
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For policies concerning payment increases, thevoilg three policies have
been discussed at length: first, changes in Medlicaspital reimbursements (Dranove
and White, 1988; Dafny, 2005); second, the Medi€&#tH program (Aizeet al,

2005; Baicker and Staiger, 2005; Coughlin, 1998022001 and 2005; Duggan,
2000); and third, changes in Medicaid physiciars f@urrieet al, 1995; Cohen and
Cunningham, 1995; Baker and Royalty, 2000; Gra@12@unningham and Nicholas,
2005; Decker, 2007). Except for Baker and Roy&800), Duggan (2000), and Aizer
et al (2005), all of these studies focused on the irsgéa quantity and intensity of
care in response to one of the three policy changes

Among the few exceptions, Baker and Royalty (2@@&mined the impacts of
Medicaid expansions and obstetric physician feeegmes on reallocation of maternity
patients in terms of physician care. Using the 1883 1991 Survey of Young
Physicians, they found some intriguing resultsolisWs: Medicaid expansions
increased access to physicians who worked in pgbtiings such as hospital clinics
and emergency rooms, but not to those workingiwape offices; however, increased
physician fees made those private physicians @laila low-income patients. Since
their study assumed that private physicians pravidgher quality care, their findings
suggest that low-income mothers received bettesiplan care after the fee increase.
If this increased access to higher quality physiied them to give birth at higher
quality hospitals, one can expect greater improvesia their health outcomes.
However, they did not discuss the policy impacthospital care.

As for hospital care, both Duggan (2000) and Aeteall (2005), using
California hospital data from the early 1990s, exsad the impact of the Medicaid
DSH program on patient reallocation and health@u&s. The findings of these two
studies imply that low hospital payments might hpueMedicaid patients at a

disadvantage, with restricted hospital options,thatextra DSH payments enabled
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them to receive treatment at hospitals of the squadity as those used by the
privately insured. Duggan (2000) showed that Madicaothers, who became more
profitable due to the DSH payments, were reallat&tem public to private hospitals,
but he did not find evidence for improvement initlealth outcomes. However,
Aizer et al (2005) found that the DSH program did improve trealitcomes for
Medicaid mothers by moving them to the same holspitsed by privately insured
mothers. Although Duggan (2000) studied the impéthe DSH program on
reallocation of Medicaid mothers in California f#88-1995, when Medicaid
coverage was greatly expanded as well, he didaketinto account possible effects of
the coverage expansions. Also, he examined thimcasibn with regard to hospital
ownership type alone, but not with regard to overaality of hospitals. In this paper,

| use several hospital characteristics to determuradity of hospitals, and examine the
impact of Medicaid expansions on reallocation @f-lacome mothers. Unlike Aizer
et al (2005), who implicitly assumed the reallocatiorMedicaid mothers towards
higher quality hospitals after the increase in Madl DSH payments and mainly
discussed their improved health outcomes, | explistudy the reallocation
mechanism through which the expansion policy mag ke improved health
outcomes, examining the switch to higher qualitho$pitals among low-income
mothers.

Patients’ choice of hospital has been widely disedsn many different
settings. To my knowledge, however, no study hizdee the Medicaid expansion
policy to hospital choice behavior of low-incomdipats. Though not very recent,
Porell and Adamst al (1996) produced an excellent review of hospitalich
models. Based on their study, I find that previsuglies have several features in
common. Firstly, the majority of them have res#&tttheir samples to Medicare

patients hospitalized with heart disease, becdesehave identical hospital choice
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sets and out-of-pocket costs of care. Phitld (1993) and Gaskiat al (2001) are
the only two studies that examined Medicaid motheospital choice. Phibbst al
(1993) used cross section data of California in518® they were unable to examine
changes in hospital admissions or selection pattever time. Gaskiet al (2001) did
examine the change in the type of hospitals usddwyncome mothers in response
to increased price competition, but they did ntateeMedicaid policies to hospital
choice. Moreover, their binary logit models canlakponly one of many aspects of
hospital quality, so they examined whether or net-tisk Medicaid mothers went to
safety-net hospitals. As a result, they did novjgle a comprehensive explanation for
how other hospital attributes influenced patiehtsspital choice. Secondly, prior
research has focused on the role of patient charsiits such as race, severity of
illness, income, or insurance type in the hosgitaice model (Nichols, 2005; Aizer
et al, 2005). However, this paper focuses more on hospitel attributes, particularly
quality of hospitals, influenced patients’ hospgalection decisions.

Admittedly, patients’ hospital choices are influeddy their physicians to a
certain degree. Like most previous research, eXoe@urns and Wholey (1992), lack
of data is the reason that | cannot control forgutigin characteristics in my hospital
choice model. As explained in Section Ill, HoweVagree with Tay (2003) that
patients do play a major role in selecting hospital choosing physicians who are
more likely to have the same preferences as toiftaéspr to accommodate their tastes
(Dranoveet al, 1992), and by letting their preferences be kntavphysicians.
Ultimately, it is the patient who makes the finacdion, based on the best
information available from her physician and alHetpossible sources.

Finally, literature in epidemiology and public hitgbrovides some
explanations for how well aggregate level incomealdes such as zip code income

predict individual income levels. Using zip codeame as a proxy for individual
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income could be problematic, and the magnitudeasfds resulting from using this
aggregate income level varies by the size of theade and the year in which the zip
code was establish&d | expect a correlation between individual howseélincome
and zip code income for the 1990 Census to be leet@e3 and 0.5 because of the
following reasons: Soobadet al (2001) presented the correlation between individua
income and 1990 census tract/block income as 0448-0y merging the National
Health Interview Survey (NHIS), which includes imdiuals’ family income
information, with census tract/block income in #1890 Census. Considering that zip
code and census tract income levels are highlyeladed (0.78-0.88), the correlation
between zip code income in the 1990 Census andidudil household income is
expected to be lower than 0.44, but above 0.3& iBhgonsistent with the correlation
for the 1980 Census: Geronimetsal (1996) showed that the correlation between zip
code income in the 1980 Census and personal incoai®ut 0.4, linking two data
sources, the Panel Study of Income Dynamics (PBIDRY85 and the National
Maternal and Infant Health Survey (NMIHS) in 1988the 1980 Census data (the
correlation was 0.39 for the PSID and 0.35 forNiIHS). Since the correlation
between zip code income and individual income le@d, is quite modest, | study
policy effects across zip code income groups, atstd using zip code income as a

proxy for patient income.

12| consult with Nancy Krieger, who is an expertlie relationship between aggregate level and
individual level socioeconomic variables.
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V. Data and Empirical Strategy

(1) Data

To examine whether Medicaid expansions realloclmeencome mothers across
hospitals, ideally, | would like to use longitudimkata sets for women who gave birth
at least twice during my study period, the firgteéiwhen they were uninsured and the
second after they obtained coverage. Then | woeldldde to compare their site of
care before and after the coverage change. Unfatetlyn such data set does not exist.
My main data sources are Florida hospital datathedNationwide Inpatient Sample
(NIS): both are pooled cross-section. The Florideadets, provided by the Florida
Agent for Health Care Administration (AHCA), cortsig hospital discharge and
financial data files, and include the universe lofri@a hospitals. The discharge data
sets contain patient information such as age;'fasex, residential county and zip
codé®, payer source, DRG code, principle diagnosis andeulure code, type and
source of admission, and total charges. The hddpitancial data sets contain hospital
information such as ownership type, teaching stdted capacity (number of licensed
beds), presence of neonatal intensive care uttugsetsic volume (number of
labor/delivery procedures), and hospital locatiooufity and zip code). Using hospital
identifiers, | merge these hospital variables wiith discharge data sets.

The NIS is the counterpart of the Florida inpatidistharge data sets in the
national setting. Since 1988, the Healthcare Codtldtilization Project (HCUP) has

annually released all inpatient discharges of pét@ent sample of U.S. community

13 patients’ race information in Florida is availaiiem 1992 onwards.

1 |1n my analysis, patient zip code information sertio purposes: first, | use patient zip code ineom
as a proxy for patient household income, so tldentify my treatment and control groups basedhen t
zip code income levels; second, distance to hddpita patient residence is the distance between
patient zip code and hospital zip code.
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hospital$® from participating states. The NIS provides patiaformation similar to
the Florida discharge data, but limited hospitédrimation: hospital location (state,
county, and zip code), ownership type, teachinstded capacity, and urban/rural
status are included, but NICU variable is not al#é. The weakness of the NIS is
lack of patients’ zip code information, but the Ni8ludes two indicator variables for
the range of zip code income levels: ZIPINC4 breddwn zip codes into four income
categories, while ZIPINC8 breaks down zip codes @ght categories. The advantage
of using the NIS is that the availability of patieace information for several stat®s
in some years enables me to examine racial digganit the policy effects.

From the Census 1990 and 2000, | obtain zip cedd data such as household

median income, longitude, latitude, and historpm@terty thresholds.

(2) Sample Construction and Identification Strategy

My sample is restricted to pregnant women aged4l®Ado were hospitalized
for childbirth'” during 1988-1995 in the Florida discharge dats, st well as those in
the NIS (8 states for 1988 and 19 states for 192&ijents admitted through
emergency rooms are not included in the main aislgat separately analyzed in a
later section. Transferred patients from other halgginstitutions are dropped along
with those treated at hospitals where fewer thard&diveries were performed in a

year®.

15 Community hospitals are defined as short-term;fRederal, general and other hospitals, excluding
hospital units of other institutions (e.g., prisprighey include OB-GYN, ENT, orthopedic, cancer,
pediatric, public, and academic medical hospitatsyever, long-term care, rehabilitation, psycheatri
and alcoholism and chemical dependency hospitalsxsiuded, unless these types of discharges are
from community hospitals (HCUP, 2008).

16 patients’ race information is available for Caiifim, lowa, Massachusetts, and New Jersey (1988-
95); Colorado, Connecticut, Kansas, Maryland, NewKy and South Carolina (1993-95); Florida and
Wisconsin (1992-95).

7 Childbirth patients are identified by their DRGdes (370-375).

18 Ten and seven percent of the discharges in Flaridain the NIS report admissions through
emergency room, respectively.
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Now, | need to identify low-income patients whoahed coverage after the
expansion policy. As mentioned above, with the lideagitudinal) data unavailable,
the other method to identify new Medicaid-eligipktients is to use patients’
household income and examine whether their incaweld were between 100 and
185 percent of the FPL (the old and new incomestiolel for Medicaid). The
challenging task is to identify this patient suhgravith patients’ income information
unavailable: neither the Florida data nor the NdShdt provide patients’ household
income informatiofr.

Here, | identify the treatment group and the cdrgroups, using patients’ zip
code household median income as a proxy for patianusehold income: the zip
code income data from Census 1990 are linked tergat zip codes in the Florida
discharge records. In Figure 1.2, | examine numob&fedicaid births across zip code
income percentiles, as well as proportion of Medidarths within each of the zip
code income categories. The figure shows that Medlisirths increased when the
Medicaid expansions took place. The increase wgetan lower income zip code
groups, and most of the increase occurred in therl®0 percent of the zip code
distribution. Figure 1.3 shows births by coverageetin Florida in the same period.
The percentage of Medicaid births was below 20qygrm 1988, but increased to 30

percent in 1990 and to 41 percent in 1993.

91 | had patients’ income information, | would ciruct a treatment group with those who were
previously uninsured but became eligible for Mettladue to the eligibility rule changes, and examine
their choice of hospitals before and after the aggms. Then | would compare this treatment group
with two control groups whose coverage type shoodldhave been affected by the expansions such as
an always Medicaid-eligible group (extremely indigenothers, who should have gained Medicaid
coverage before the expansions and continuouslyt ladughout my sample period) and a never
Medicaid-eligible group (high-income patients prblyawith private coverage, who should never have
been eligible for Medicaid during the sample peyiod
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[Figure 1.2] Medicaid Birth across Zip Code IncomeCategories in Florida
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Based on the zip code income levels, | defineatrnent group for the 1989
expansion as all patients who resided in zip cedesse income levels were in the
lower 10 to 30 percent of the income distributioar(esponding to 100-150 percent of
the FPL), while a treatment group for the 1992 espan is defined as those who
resided in zip codes whose income levels werearidiver 30 to 45 percent of the
distributiorf® (corresponding to 150-185 percent of the FPLgpissately look at
maternity patients from extremely low-income zigles (those residing in zip codes
whose median income levels were in the bottom 16gpe of the zip code
distribution), and maternity patients from high-ente zip codes (those residing in zip
codes where the income levels were in the upp@ebéent of the distribution). Graph
(a) in Figure 1.4 presents proportions of Medidaiths across the patient subgroups:
the proportions of Medicaid births significantlycnease for maternity patients in the
treatment group and those from the extremely pgocades”.

For the NIS data, which do not contain patientg’@des, | use ZIPINC8 and
ZIPINCA4, the indicator variables for zip code inabrackets. Figure 1.5 presents
proportions of Medicaid births over time acrosseight zip code income categories
(ZIPINCS8). The proportion increased to a great degimong the first three zip code
income groups, which account for about 30 percétiteodischarges. Therefore, |
define the treatment group as patients from zipsaghose median household income

levels were between $15,000 and $25,000, the incange that is above the old

2 Based on poverty thresholds for a four-member lfamithe Census guideline, the zip code income
cutoff for 100 percent of the FPL was $15,000 i89;2he income cutoff for 185 percent of the FPL
was $25,000; the income cutoff for 300 percenheffPL was $40,000.

2L |f individual income levels are homogeneous withim codes, i.e., everyone within the same zip
code has the same income level as the zip codeaméadiome level, proportion of Medicaid births
across the patient subgroups for each expansiandhumk like those in Graph (b) in Figure 1.4: the
proportion of Medicaid births in the treatment gsgumps from zero to one when one of the
expansions took place (red and blue solid lineég)ceseveryone from extremely low-income zip codes
(zip code income less than 100 percent of the BRbyld have Medicaid, the proportion of Medicaid
births in these zip codes should be constant a{anamge dotted line). On the contrary, no one from
high-income zip codes (zip code income above 186gmt of the FPL) should have Medicaid, which
means that the Medicaid proportion in the richgstodes should stay at zero (black dotted line).
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[Figure 1.4] Proportion of Medicaid Birth (Florida)
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[Figure 1.5] Proportion of Medicaid Birth by Zip Code Income Category (NIS)

eligibility income threshold but below the new tsineld: these are corresponding to
the lower second and third categories of ZIPINC&lsb separately examine maternity
patients from extremely low-income zip codes arabéhfrom high-income zip codes:
zip code income levels below $15,000 (the lowesbime category in ZIPINCS8) are
defined as extremely poor zip codes, and zip codene levels above $25,000 (the
upper five categories in ZIPINC8) are considergghhincome zip codes. Then in
Figure 1.6, | break down patients by coverage tyipefigure shows that the
proportion of Medicaid births increased by 13 patage points from 1988 to 1995,
from 24 to 37 percentages, which is a moderateass compared to Florida.

In addition to whether she has health insurancerame and what kind of
coverage she has, a patient’s risk level may plajeain her hospital choice decision,

According to Phibbsgt al (1993), high-risk patients are more sensitiveuality of

28



Proportion of Birth by Coverage

0.7

0.6
n -\-/./J\'\._./‘

0.4 -

0.2

0.1

87 88 89 90 91 92 93 94 95 96
Year
=&®—Mcaid =—#privins uninsured

[Figure 1.6] Proportion of Birth by Coverage Type (NIS)

care and thereby show different hospital selegb@atterns, and high-risk mothers with
Medicaid are less able to deliver at high-qualibgitals (those with NICU) than
those with private coverage. If Medicaid motheses discriminated because of their
payer source, which gives low reimbursement to talspthan private payers, we can
infer that high-risk, uninsured mothers would haven lower chances to receive care
at high-quality hospitals. Therefore, the coverggm may be more beneficial for
high-risk patients among the indigent. Howeverrateae several possibilities that
may reduce the policy effects for high-risk patserirst, the barrier to high-quality
providers for Medicaid mothers may be as high asahuninsured patients; second,
if most of newly eligible mothers are high-risk dwethe lack of a regular source of
care before pregnancy, they can be sorted into-dugiity hospitals regardless of the
coverage gain; third, the coverage gain may deerthasrisk-level through increased

care to prenatal care.
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In order to check whether and how patients’ riskels influence the choice of
hospitals for maternity patients, | further breakv the treatment and the control
groups into high-risk and non-high-risk groups. lidigsk pregnancies are determined
by patients’ diagnosis codes: if a patient hagastl one of the general comorbidities
listed in Elixhauseet al (1998) or the specific obstetric complicationgadsin
Gregoryet al (2002), she is defined as high-risk. Accordinglahauseret al (1998),
chronic heart disease, liver disease, diabetestearad failure are examples of high-
risk diagnoses, while Gregoey al (2002) defined advanced maternal age (over 35
years old), preterm, malpresentation, and matewfatissue condition as high-risk

obstetric conditions, which potentially requireatiee primary cesarean section.

(3) Model Specification

My main objective is to evaluate whether materpggients from low-income
zip codes, who are more likely to gain Medicaideage, move to different types of
hospitals after Medicaid expansions, and if so,tiwetheir new choice represents
higher quality of care. In doing so, | conduct tseis of analyses at the hospital level
and at the patient level, separately. At the hakfavel, | examine proportion of
maternity patients from low-income zip codes (tneit group), and it relation with
each of hospital attributes: if the proportion eased at FP hospitals after the
expansion, | interpret that those in the treatngeotip moved to FP hospitals. The
advantage of conducting this hospital level analysthat the availability of hospital
identifiers allows me to construct hospital-levahpl structure and examine changes
in the proportion of low-income mothers within theame hospitals over time.
Moreover, | can indirectly test crowding-out effeett the hospital level. However, the
weakness of this hospital level analysis is thatamnot control for distance to

hospital, which is considered one of the importieterminants in hospital choice
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decision. Therefore, | conduct a patient level ysial controlling for zip code distance
between patient and hospital. Here, | use a disat@ice model to study how each

hospital attribute influences patients’ hospitabice.

Hospital Level Analysis

Taking advantage of the hospital panel structuestimate hospital fixed-
effect models, in which | can control for unobselveme-invariant heterogeneity

across hospitals. The baseline econometric modelasafollows:

[Model 1] Yy, = By + B IPOSTx X g5 + HOSp, +Yeay + £,
[Model 2] Y, = By + B LELIG + B, [ELIG % X, + HOSP, + Yeay + &,

Model 1 is applied to the Florida hospitals and Ela2ito the hospitals in the NIS.
The dependent variablenq, is a proportion of patient subgroup g at hosgitad year
t, where the patient subgroups consist of thertreat group (those from low-income
zip codes), those from extremely poor zip coded,those from high-income zip
codes. The proportion of maternity patients from-lacome zip codes is the number
of patients in the treatment group divided by ttalthumber of patients who came to
hospital h in year t.

X,gs 1S @ vector of hospital dummy variables measusethé value of 1988,
which will rule out endogeneity problems: privabte-profit (FP), public, teaching,
high-volume, large (in terms of number of licendeds), presence of NIGY low
complication rates, and urban hospitals constrach&ummy variable that takes the
value of one, while hospitals without such attrése{private not-for-profit (NFP),

non-teaching, low-volume, small, lack of NICU fatods, high complication rates, and

% The NICU variable is included only in the Floridaalysis.

31



rural hospitals—take the value of zero, respedfivielill explain how | construct
these hospital dummy variables in the next section.

In the Florida analysis, | estimate Model 1 for 889 expansion (with
POST89 and the 1992 expansion (WBDST92, separatelyPOST8%akes a value of
one for the years after the 1989 expansion (1995%)J1&nd zero for the pre-expansion
period (1988-1989P0ST92akes a value of one for the post 1992 expansoiog
(1993-1995), and zero, otherwideOST x X, 4, is a vector of interaction terms
between each of the hospital attributeXjg, and the policy indicator. The coefficient
of the interaction tern3, captures whether the proportion of those from ioeeme
zip codes increased at hospitals with each ateilvuK compared to those without it
after the policy changes. For example, the coefficof (POST89xNICU) indicates
whether the proportion of those from low-income egales increased after 1989 at
hospitals with NICU relative to those without a NUC

In the national analysis, | estimate Model 2, whgthe same set-up as Model
1, but replaces the binary policy indicatét@ST) with a simulated fraction of
women eligible for Medicaid in state s and yeaEL[G,,). Using the Current
Population Survey (CPS) data of 1987-1996, | takendom sample of women aged
15-44 in each year, and use this same sample astaiss to calculate the fraction of
women who would have been eligible for Medicaith#y lived in the state during
that year and became pregnant. This simulateddraonly captures the generosity of
the Medicaid program across states, eliminatingrotbnfounding effects such as
state-specific economic conditions and differemhdgraphic compositions.

Another set of dependent variables is construcéead on patients’ health
insurance coverage. Medicaid expansions shouléaserthe proportion of Medicaid
patients at the hospital level, particularly atgites which admit more low-income

mothers after the expansions, while the propontiotie uninsured should decrease.
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The comparison between the proportion of mateipatyents from low-income zip
codes (treatment group) and the proportion of Madipatients enables me to
indirectly test crowding-effects. Since the crowglout group should have had access
to their preferred hospitals before switching toditaid, there should be little
reallocation across hospitals for these patientthe extreme case, if all new
beneficiaries are the crowding-out group, they widwdve little incentive to move to
different hospitals, which means no patient reallmn across hospitals. In this case,
the proportion of Medicaid patients will increasete hospital level because of the
change in their insurance status, while the prapouf those from low-income zip
codes will stay the same. As a result, an increatiee proportion of Medicaid
patients without accompanying an increase in tbgqmtion of patients from low-

income zip codes indicates crowding-out effects.

Patient Level Analysis

In the patient level analysis, | use McFadden’sdational logit model in order
to examine how each of hospital attributes infleehpatients’ hospital choice. Unlike
OLS regression or binary logit models, the condiidogit, one of discrete choice
models, can deal with dependent variables that bawvedered, choice-specific
multiple categorical values. This conditional logidbdel focuses on explaining how
attributes of the choice (e.g. hospital ownersiget teaching status, etc) influence
choosers’ decision, as opposed to multinomial logitlel, an alternative family of the
discrete choice models, which examines how atebof the chooser (e.g. patient’s
age, sex, income, etc) influence the choice behauising hospital attributes in the
year of 1988 as the explanatory variables, | compaspital choice behavior for the
treatment and control groups before and after xpamsions. Again, Model 1 is for

the Florida data and Model 2 for the NIS data.
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R, =Pr(Y, =j)=€"/> ¢ j=1, ..., J(the number of hospital options)
j

Model 1:V,, =a + BX g + X4 X POST +¢;
Model 2:Vj, =a + BKg + y X g3 XELIG + ¢,

V;, is the level of utility for patientin a subgroup g choosing hospifeamongJ
alternatives. The chosen hospital must give theplagreater utility compared to
other hospitals in her choice set. This utilitiBnear function of hospital attributes
as well as the interaction terms between eacheohtispital attributes and the policy
indicator:POST?® for the Florida data anfLIG for the NIS data. Thg coefficients
are the natural log of the odds ratio of a patienially being treated at a hospital with
the attribute in X to a hospital without that ditrie. The coefficients of the interaction
terms (y) capture the impact of Medicaid expansion on ckang patients’ hospital
choice. The hospital attributeX(4,) include distance to hospital from a patient’s
residence, as well as the explanatory variabled wsthe hospital-level analysis:
ownership, teaching status, the presence of NI@dpital capacity, obstetric volume,
urban/rural status, and clinical outcomes at tf&818vel. The error terms are
assumed to follow Type | extreme value distribution

To estimate this conditional logit model, | constra hospital choice set for
each patient in the following way. First, | caldelaistance to hospital from patient
residence based on patient and hospital zip catteoies’®. Then | drop those who

delivered babies at hospitals located more thamiss away from honfé. Finally,

% |n the patient level analysis, | use both year quarter to determine the policy variables: POSTI89=
for the discharges from th&'3juarter of 1989, and POST92=1 for the discharfjes the 2° quarter of
1992.

4| use the Great Circle Distance Formula.

% Since about 95 percent of the patients in my Bsample chose hospitals within thirty miles from
their residence, the extremely large distance alu¢he upper five percent were likely to be cgdin
errors or represent those admitted to local hdspithile they were away from home.
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each patient is assigned to her hospital choice/Bieh contains all hospitals in her
zip code as well as those chosen by other patiesiding in the same zip code as hers
(Nichols, 2005).

The limitation of this conditional logit model ikdt it is not applicable to those
with only one hospital option or when one canneniify a full set of hospital
options. Therefore, | cannot conduct the conditiémgit analysis for Florida patients
who had only one hospital option, as well as tiieepaisample in the NIS: since the
NIS lacks patient zip code information and includesibset of hospitals in each state
(only 20 percent of the community hospitals), orfespital choice set, no matter how
well constructed, does not include all of her poleshospital options. These data
limitations prevent me from constructing a complatspital choice set for patients,
threatening viability of the conditional logit mdd&herefore, for patients in the NIS
as well as Florida patients with a single hospfation, | use linear probability models

(LPM)?® as follows:

Model 3: Y, = a + S IX + YELIG, + YEAR + STATE + &
The dependent variables are binary indicatorsdcheattribute of the hospitals

chosen by patient i in state s. This binary depethdariable model can serve as a

simplified version of a discrete choice model (Gas# al, 20015’. The vector X

controls for patient characteristics: age and higk-status. For patients’ age, |

include two indicator variable®\ge_125andAge_g34: Age_|25has a value of one

for those aged below 25; aAdie g34has a value of one for those aged above 34;

those aged between 25 and 34 are the referencp.d@h-risk status is also

| also use a binary logit model, but it producealifatively similar results as the LPM.

2" The caveat to this alternative approach is tlanl examine only one dimension of hospital quality
a time. However, this approach, without a constomcdf hospital choice sets, can still provide some
insight into hospital admission and selection pate
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controlled for by a dummy variable. Including bg#ar and state fixed-effects, |
control for unobserved year-specific and state4fipdactors. For the Florida sample,
| estimate the same model, replacing ELIG with PQ8 STATE with county

fixed-effects.

(4) Construction and Interpretation of Hospital Mates

Construction of Hospital Quality Variables

In the hospital and the patient level analysisclude hospital attribute
variables, which can be interpreted as indirectdinett quality measures: six
observable characteristics (ownership, teachingstaresence of neonatal intensive
care units, hospital capacity, obstetric volumel arban/rural status) and one clinical
outcome measure for maternity care (risk-adjustedpdication rates). All the hospital
variables in the main analysis are constructedrempvariables: FP=1 for private,
for-profit hospitals; Public=1 for public hospitalsrivate, not-for-profit hospitals are
the reference group; Teaching=1 for a hospital witksidency program to train
obstetricians; NICU=1 if a hospital has a neonati@nsive care unit; Bed_Large =1
if a hospital has a large capacity, i.e., a nuntbdéicensed beds is above 200 for urban
hospitals and 75 for rural hospitals; Vol_High=hihospital has a higher obstetric
volume, i.e., a number of labor/delivery procedusegreater than its median value in
a given year; Urban=1 if a hospital is locatednrugban area.

The risk-adjusted complication rate, a ratio otiatto expected
complicationé®, at the hospital level is generated based onrmiatiadverse health

outcomes after birth. The actual complicationstaeenumber of patients who suffered

28 post-obstetrical complications and adverse outscame defined by HealthGrade (Exhibit B in
Hospital Report Cards Maternity Care and Women'althe2007-2008 Methodology White Paper) and
the Delta Group (Table 1 in Forthmanal, 2005).
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from adverse outcomes after birth at a given hakpihe expected complications are
aggregated predicted probabilities of a patientritaadverse outcomes to the hospital
level. The predicted probability is estimated byasy logit models in which the
dependent variable is the indicator for whetheatéept had postpartum complications
(clustered by hospital units). The explanatoryafales in the models are patient
characteristics such as age, presence of chrémésd®, a number of comorbiditié%
emergency room admissions, and DRG dummy variableshigher value of
RATIO, i.e., the actual complications greater tktamexpected complications, means
poorer clinical outcomes. | assign a binary indicdébr lower complication rates at the
hospital level: RAT_LOW-=1 if RATIO is less than thalue of one, i.e., the number
of actual complications is less than the numbexxplected complications. For some
analysis, | divide RATIO into four tiers at its qtikes and use those four indicator
variables: Rat_g1 has a value of one for hospitalsse RATIO is in the first quartile
(the group of hospitals with the best clinical @nes), whereas Rat_qg4 has a value of
one for hospitals whose value of RATIO is in thghast quartile (the group of
hospitals with the worst clinical outcom#s)

In order to avoid endogeneity concerns, all oftftbepital variables are
constructed as time-invariant, fixed values atitiitéal year of 19882 If hospitals
adjust their quality in response to policy chanigesrder to attract a certain type of

patients, seeing more patients from low-incomecniges receiving care at higher

29| use chronic condition indicators, provided bg tHCUP.

30| use the number of secondary diagnosis codethéonumber of comorbidities.

3L Alternatively, as in Epsteiet al (2008), | use linear probability model with hospiixed-effect
estimates included. With patient characteristicwels as their risk factor controlled in this modile
remaining effects on patient health outcomes, cagtby the hospital fixed-effect estimates, imply
overall hospital quality. Since the correlationvieegn these fixed-effect estimates and the comjicat
ratio (RATIO) is significantly high (above 0.8)ahmesults reported in this paper are based on the
RATIO.

32 |deally, | would like to use hospital variableddre 1988. However, since the earliest year of data
available is 1988 in both Florida and the natic@ahple, all hospital variables including the clatic
outcome measure are based on the hospital samdé&88. For hospitals that entered after 1988¢l us
the first available year in the calculation.
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guality hospitals may be attributed to hospitalsmge in characteristics, not the

patient reallocation to higher quality hospitals.

Interpretation of Hospital Variables

Now, | would like to associate the above hospitalautes with the quality of
hospitals. As explained in Section II, without aasensus on the relationship between
hospital attributes and quality of care, | exantimeassociation between my clinical
outcome measure and other hospital characteri®egressing RATIO on the other
hospital attributes (FP, Public, teaching, NIClgHvolume, large bed, and urban
status), however, | do not find any statisticalyngficant association between the
clinical outcome measure and the rest of the halsgitributes. Therefore, except for
NICU and the clinical outcome measure, | do na@dttthe level of quality to the
hospital variables. Instead, | interpret them aspital attributes or types that each
patient subgroup may or may not prefer. For examm@gpect those from low-income
Zip codes to be reallocated toward FP hospitaldatk of coverage before the

expansion was the constraint for them to choosbkdspitals.

VI. Results

Descriptive Statistics

Table 1.2 presents descriptive statistics of tleeiddh and NIS data: the second
to fourth columns for the Florida data, and thé¢ fhsee columns for the NIS data. The
Florida hospital sample consists of 872 observatauring 1988-1995: thirty-one
percent private, for-profit hospitals; fifty-threercent private, not-for-profit hospitals;

and fifteen percent public hospitals. Eight peragate teaching hospitals, which had
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[Table 1.2] Summary Statistics (1988-1995)

A. Patient and Hospital Variables

ChaFr)Z(t:Iteer:ititics Florida NIS
Variable Mean Std. Obs. Mean Std. Obs.
Age (years) 26.9 5.81 1,029,801 27.1 5.82 4,568,817
Zip Code Distance 747 | 607 |1020801| - : :
(miles)
Length of Stay 2.47 211 1,029,801 2.49 2.36 4,568,817
High-risk 0.41 0.49 1,029,801 0.28 0.45 4,568,817
c-section 0.26 0.44 1,029,801 0.23 0.42 4,568,817
rousehold Median | ¢30746 | 11624 | 1,029,801 | 30924 | 9951 | 4208817
Medicaid 0.31 0.46 1,029,801 0.32 0.46 4,568,817
Private coverage 0.55 0.50 1,029,801 0.59 0.49 4,568,817
Other (Self- 012 | 033 |1,029801| 004 | o020 |*+568817
pay+QOther)
Hospital Attributes Florida NIS
Private, for-profit 0.31 0.46 872 0.09 0.29 5216
Private, not-for-profit 0.53 0.50 872 0.70 0.46 5216
Public 0.15 0.36 872 0.21 0.41 5216
Teaching 0.08 0.27 872 0.15 0.35 5216
Bed_large 0.69 0.46 872 0.35 0.48 5216
NICU 0.39 0.49 872 - - -
Rat_low (RATIO<1) 0.61 0.49 872 0.60 0.49 5216
Vol_high 0.50 0.50 872
dA”r.‘“a' number of 33815 | 9636.7 872 | 1077.10 | 1392.49 | 5216

elivery procedure
Urban 0.93 0.26 872 0.61 0.49 5216
B. Construction of Treatment and Control Group

Zip Code Income Group Florida NIS
100 < zip code income < 185% of the FPL 42% 23%

100 < zip code income < 150% 28% -

150 < zip code income < 185% 14% -
zip code income<100% of the FPL 9% 2%
zip code income > 185% of the FPL 50% 75%
185 < zip code income < 300% of the FPL - 47%
300% of the FPL < zip code income - 28%
Number of Observations 1,029,801 4,568,817
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[Table 1.2] Continued

C. Breakdown of Zip Code Income in the NIS Data

NIS Data (1988-1995)
Income range | ZIPINCS8 Freq. % ZIPINC4
$0-15000 1 89,856 1.96
$15000-20000 2 332,615 7.29 1
$20000-25000 3 734,380 16.01
$25000-30000 4 841,222 18.34 2
$30000-35000 5 954,487 16.45 3
$35000-40000 6 550,312 12.00
$40000-45000 7 392,368 8.55 4
$45000+ 8 590,892 12.88
Missing . 300,685 6.56
Total 4,586,817 100

D. Breakdown of Patients by Race in the NIS Data

Race Freq. %
White 1,804,673 65.1
Black 318,717 115
Hispanic 462,718 16.7
Other race 185,054 6.7
Total 2,771,162 100

residency programs in obstetrics and gynecology thinty-nine percent hospitals had
NICU. Sixty-one percent of the hospitals had RATWose value is less than one,
and sixty-nine percent were grouped into large halspbased on the number of
licensed beds. A half of the hospital sample wégl-lrolume hospitals, while ninety-
three percent were located in urban areas. Thepaocy rates during the sample
period were between 53% (for 1994) and 61% (for8).98

The size of patient sample, pregnant women aget4isho were admitted to
hospitals for childbirth, except for the emergenoym admissions, is 1,029,801.
Based on the zip code income classification, thattnent for the 1989 expansion

(those whose zip code income levels were betweBrat@ 150 percent of the FPL)
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was 28 percent, while the treatment group for ®@2lexpansion (those whose zip
code income levels were between 150 and 185 peotéme FPL) was 14 percent.
Fifty percent of the patient sample resided incades whose median income levels
were above 185 percent of the FPL, while nine perokthe total discharges belong
to the zip codes whose median income levels wdmnb®00 percent of the FPL. The
breakdown of the patients by health insurance @geers as follows: 31 percent had
Medicaid, 55 percent had private insurance, anget2ent were either self-pay or had
other coverage.

The NIS started with eight stafé 1988, but eleven states entered between
1989 and 1998. The NIS hospital sample consists of a total df@sBospital® for
1988-1995: 70 percent are NFP hospitals, 21 pemdrlic hospitals, and only 9
percent FP hospitals. Fifteen percent of the halspitere teaching hospitals, and
sixty-one percent were located in urban areas.paiient sample in the NIS consists
of more than 4.5 million discharg&sbut observations with race information shrink to
2.8 millions (about 60% of the total discharged)e Treatment group accounts for 23
percent of the patient sample, while those whose&ade income was less than 100
percent of the FPL consist of only 2 percent ofsample. The remaining 75 percent
of the patient sample resided in high income zigleso 47 percent of them came from
zip codes whose income ranged between 185 ande30émi of the FPL, while 28
percent came from zip codes whose income levels aleove 300 percent of the FPL.
The breakdown of the patient sample across insareogerage shows a pattern

similar to that in the Florida data. The breakdafithe patient sample by race is as

% California, Colorado, Florida, lllinois, lowa, Msschusetts, New Jersey, and Washington

34 |n 1989, three states (Arizona, Pennsylvania aistdvisin) entered the NIS, six states (Connecticut,
Kansas, Maryland, New York, Oregon and South Caadlivere added in 1993, and two more states
gMissouri and Tennessee) were included in 1995.

® Five states—California, Florida, lllinois, lowadkVisconsin—take up more than sixty percent of the
hospital sample.

% callifornia and Florida are the two largest statbih make up forty-three percent of the patient
sample.
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follows: 65 percent Whites, 12 percent Blacks, géicpnt Hispanics, and 7 percent

other race.

Results from the Florida Data

Table 1.3 and Table 1.4 report the results ohthepital level analysis in
Florida: Table 1.3 for the 1989 expansion and Tabdefor the 1992 expansion. The
first two columns show the results for the treattrggnup (the first column for the
simple OLS regression model and the second colamtiné hospital fixed-effect
model), while the last two columns report the saeseilts for the Medicaid patient
group. Since time-invariant hospital variables @@pped out in the fixed-effect
model setting, | start with a simple OLS regressimudel with year and county (for
Florida) or state (NIS) dummy variables included.

The OLS regression results show attributes of tspital used by maternity
patients from low-income zip codes (the treatmeatig) before and after the
expansions. In the pre-expansion period, the ptapoof those in the treatment group
was 7 percentage point lower at hospitals with Ni&h those without it, while this
proportion was 33 percentage point lower at urb@sphals. Teaching hospitals had a
6 percentage point higher proportion of these msttiean non-teaching hospitals,
albeit not statistically significantly from zerotée 10 percent level. The proportion of
maternity patients from low-income zip codes waslten by 6 and 4 percentage
points at FP and public hospitals, respectivelgntNFP hospitals. After the 1989
expansion, this proportion increased at public lakgpby 4 percentage points. The
hospital fixed-effect model produces qualitativsimilar results to the OLS
regressions, with the increase in the proportiamriadin hospitals and clinically better

performing hospitals statistically significant het5 percent level.
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[Table 1.3] Hospital Level Analysis for the 1989 Epansion in Florida

Treatment 89

Y=Proportion of | (100sZIPINC<150%) Medicaid
Patient Subgrou Fixed- Fixed-
oo OLS Effect OLS Effect
FP -0.06 -0.18***
(0.04) (0.05)
Public -0.04 0.04
(0.04) (0.07)
Teaching 0.06 0.22***
(0.04) (0.07)
Large bed -0.02 -0.04
(0.04) (0.06)
NICU -0.07* -0.01
(0.04) (0.05)
Rat_low 0.02 0.09**
(0.03) (0.04)
High Vol 0.02 0.02
(0.05) (0.06)
Urban -0.33*** -0.07
(0.12) (0.10)
FPxPOST89 0.02 0.01 0.09** 0.04
(0.03) (0.02) (0.03) (0.03)
PublicxPOST89 0.04* 0.04* 0.03 0.01
(0.02) (0.02) (0.04) (0.04)
TeachingxPOST89 | 0.02 0.01 -0.07** | -0.08***
(0.02) (0.02) (0.03) (0.03)
largebedxPOST89 | 0.01 0.01 0 -0.02
(0.02) (0.02) (0.04) (0.03)
NICUxPOST89 -0.02 -0.01 0 0.02
(0.01) (0.01) (0.03) (0.03)
Rat lowxPOST89 | 0.03 0.04** 0 0.02
(0.02) (0.02) (0.03) (0.03)
High_VolxPOST89 | 0.01 0 0.03 0
(0.02) (0.01) (0.04) (0.03)
UrbanxPOST89 0.04 0.07** -0.15** | -0.11**
(0.03) (0.03) (0.06) (0.06)
constant 0.71%*= 0.26%** 0.24 0.19%**
(0.13) (0.01) (0.18) (0.01)
Year F.E. YES YES YES YES
County F.E. YES - YES -
Hospital F.E. - YES - YES
Observations 872 872 872 872
R-square 0.85 0.06 0.54 0.51
F test 468491.2 17 57.56 27.12
p value 0 0.06 0 0
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Now, | compare the proportion of those in the ezt group with the
proportion of Medicaid patients. Before the coveragpansion, the proportion of
Medicaid mothers was 18 percentage points smalleP dospitals than NFP
hospitals, but 22 percentage points larger at tegdtospitals than non-teaching
hospitals. Also, hospitals with good clinical outtes had a 9 percentage point larger
proportion of Medicaid mothers than those with pdarical outcomes. After the
expansion, the proportion of Medicaid mothers iasesl at FP hospitals by 9
percentage points, while it decreased by 7 pergeraints at teaching hospitals. As
explained above, the change in the Medicaid prapowithout a change in the
proportion of those from low-income zip codes canrierpreted as crowding-out
effects. For example, the increase in the Medipaibortion at FP hospitals was not
paired with an increase in the proportion of thioshe treatment group: the latter was
smaller (0.02) and not statistically significantia 10 percent level. This could imply
that FP hospitals provided care to the same zip aozbme group of patients, who
only changed their insurance status to Medicaidvéier, | am cautious about
interpreting my results for the crowding out effediecause | am using zip code
income levels instead of individual income levels.

Table 1.4 continues to report the results of thepital level analysis for the
1992 expansion. Based on the OLS regressionsnbtbnd any particular pattern for
the type of hospitals chosen by my treatment gioupe pre-expansion period. After
the 1992 expansion, the proportion of those frowrilecome zip codes increased 2
percentage points at public hospitals and 1 peagenpoint at large hospitals, but
none of the coefficients is statistically signifitaAgain, the proportion of Medicaid
mothers increased at FP hospitals by 11 percepiaigés, while it decreased by 21

percentage points at urban hospitals.
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[Table 1.4] Hospital Level Analysis for the 1992 Epansion in Florida

Treatment 92

Y=Proportion of | (150<ZIPINC<185%) Medicaid
Patient Subgrou Fixed- Fixed-
o OLS Effect OLS Effect
FP 0 -0.15%**
(0.02) (0.05)
Public 0.03 0.07
(0.03) (0.06)
Teaching -0.02 0.18**
(0.03) (0.07)
Large bed -0.02 -0.06
(0.02) (0.05)
NICU 0 -0.01
(0.03) (0.05)
Rat_low 0 0.09**
(0.02) (0.04)
High Vol 0.01 0.04
(0.03) (0.06)
Urban 0.04 -0.1
(0.03) (0.10)
FPxPOST92 0 0 0.11%*= 0.06**
(0.01) (0.01) (0.03) (0.03)
PublicxPOST92 0.02 0 -0.03 -0.04
(0.02) (0.01) (0.03) (0.03)
TeachingxPOST92 | 0.01 0 -0.05 -0.06**
(0.01) (0.01) (0.03) (0.03)
largebedxPOST92 0.01 0.01 0.02 0
(0.01) (0.01) (0.03) (0.03)
NICUxPOST92 0 0.01 0.03 0.03
(0.01) (0.01) (0.03) (0.02)
Rat lowxPOST92 -0.01 0.01 0 0.01
(0.01) (0.01) (0.02) (0.02)
High_VolxPOST92 | -0.01 -0.01 -0.01 -0.03
(0.01) (0.01) (0.03) (0.02)
UrbanxPOST92 -0.04 -0.02 -0.21%** -0.17%**
(0.03) (0.02) (0.06) (0.06)
constant 0.08* 0.15%** 0.24 0.19%**
(0.04) (0.01) (0.18) (0.01)
Year F.E. YES YES YES YES
County F.E. YES - YES -
Hospital F.E. - YES - YES
Observations 872 872 872 872
R-square 0.66 0.04 0.55 0.53
F test 352749.3 2.04 42.54 24.21
p value 0 0.02 0 0
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In summary, the hospital level analyses show tiatrteatment group for the
1989 expansion was reallocated to public hospibaisno statistically significant
reallocation effect after the 1992 expansion. THiegkngs provide weak evidence
that maternity patients from low-income zip code#tched to different types of
hospitals, but I find no evidence to support thatmovement is related to better
guality of care. However, this aggregate level gsialdoes not control for distance
between hospital and patient, which is one of thgartant factors in patients’ choice
of hospitals. Next, | present the results of travirdual level analysis, which control
for the distance variable.

Table 1.5 and Table 1.6 report the estimated oalits of the conditional logit
model for the Florida patient sample—Table 1.5thar 1989 expansion and Table 1.6
for the 1992 expansion. Each of the patient sulgg asifurther broken down by
severity of illness, and the results show thatelveas not much difference in hospital
selection patterns between high-risk and non-higkpatients, particularly within the
control groups. Therefore, I will focus on the dission of the comparison between
the treatment and control groups overall, rathen th comparison between high-risk
and non-high-risk patients within each patient sabp.

For the 1989 expansion, the treatment group cansfghose whose zip code
income levels were between 100 and 150 percetiedfPL. According to Table 1.5,
prior to the 1989 expansion, all patients in tle@atment and control groups were less
likely to choose distant hospitals (16-18 percessllikely to go to distant hospitals).
Maternity patients from low-income zip codes wer@/etimes more likely to deliver
at high-volume hospitals than low-volume hospitblg, 15 percent less likely to give
birth at public hospitals than hospitals of NFP evahip. Surprisingly, these mothers
were 1.12 and 1.73 times more likely to choose i@spwith lower complication

rates and NICU hospitals than those with highergaation rates and those without
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[Table 1.5] Conditional Logit Model for 1989 Expangon

100=ZIPINC<150% of the FPL

ZIPINC<100%

ZIPINC=185%

(Treatment Group for 1989) of the FPL of the FPL
high- non-
al ok | highaisk Al all
Zipdist 0.84*** 0.83*** | 0.84*** 0.84*** 0.82***
(0.00) (0.00) (0.00) (0.00) (0.00)
FP 1.07*+* 1.21x* 11.01 0.70*** 0.71x**
(0.03) (0.05) (0.03) (0.04) (0.01)
Public 0.85*** 1.04%+x | Q.72%+* 0.44*** 0.56***
(0.02) (0.05) (0.03) (0.03) (0.01)
Teaching 0.83*** 0.88*** | 0.80*** 0.96 0.75***
(0.02) (0.04) (0.03) (0.04) (0.01)
Large_bed 0.58*** 0.60*** | 0.57*** 0.51*** 0.65***
(0.02) (0.03) (0.02) (0.03) (0.01)
NICU 1.73%+* 1.73%* | 1.73%+* 1.68*+* 2.36***
(0.05) (0.08) (0.06) (0.07) (0.03)
Rat_low 1.12%+* 1.01 1.18*+* 0.68*** 0.71***
(0.02) (0.03) (0.03) (0.02) (0.01)
High_Vol 6.67*** 7.75%* | 6.26%** 4.09*** 2.83***
(0.22) (0.45) (0.26) (0.26) (0.05)
Urban 0.45*** 0.64*** | 0.37*** 3.36*** 0.28***
(0.02) (0.04) (0.02) (0.83) (0.01)
ZipdistxPOST89 1.02%+* 1.02%+* | 1.02%+* 1.01%+* 1.00***
(0.00) (0.00) (0.00) (0.00) (0.00)
FPxPOST89 0.99 0.81*** | 1.12%** 1.33%+* 0.93***
(0.03) (0.04) (0.04) (0.07) (0.01)
PublicxPOST89 1.82%** 1.35%* | 2.13%** 1.41%x* 1.37%*
(0.05) (0.07) (0.08) (0.09) (0.03)
TeachingxPOST89 | 1.35*** 1.45%+* | 1.25%** 1.15%* 1.39%**
(0.04) (0.07) (0.05) (0.05) (0.02)
largebedxPOST89 | 1.89*** 1.94%+* | 1.86*** 3.73*** 1.42%+*
(0.05) (0.09) (0.06) (0.26) (0.03)
NICUxPOST89 0.79*** 0.78** | 0.80*** 1.40%** 0.81***
(0.02) (0.04) (0.03) (0.06) (0.01)
Rat_lowxPOST89 | 1.10*** 1.15%* | 1.09*** 1.63*** 1.32%*
(0.02) (0.04) (0.03) (0.06) (0.01)
High_VolxPOST89 | 0.40*** 0.37** | 0.40*** 0.26*** 0.57***
(0.01) (0.02) (0.02) (0.02) (0.01)
UrbanxPOST89 2.22%*% 1.82%+* | 2.41%+* 1 2.46***
(0.09) (0.13) (0.13) (0.26) (0.06)
Observations 1192937 494446 | 698491 492996 4596160
LR-chi2 188879.41 | 78360.7 | 111590.98 | 56971.27 566720.42
Prob>chi2 0 0 0 0 0
Psuedo R2 0.29 0.29 0.29 0.22 0.26
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NICU, respectively. Compared to the control groupsyever, the size of the
coefficient of NICU is smaller or about the samésd these patients were more
likely to receive care at rural rather than urbaspitals, non-teaching than teaching
hospitals, small-sized than large-sized hospitdie. only difference between high-
risk and non-high-risk patients was the use of RéP@ublic hospitals: high-risk
mothers before gaining coverage were more likelghimose FP or public hospitals
than NFP hospitals.

After the 1989 expansion, the noticeable changéh®treatment group,
compared to the pre-expansion period, was to haoreased access to large, public
hospitals. The odd ratio for the distance travételdospitals increased up to 1.02, and
those in the treatment group were more likely tovde at public and teaching
hospitals relative to NFP and non-teaching hospita} 82 and 35 percent
respectively. The switch to public hospitals wagéa among non-high-risk patients,
who also had a higher chance of giving birth ahBBpitals than NFP hospitals by 12
percent. Dependence on high-volume hospitals vggsfisiantly reduced, and, in fact,
those in the treatment group were 60 percent ilesly ito choose high-volume
hospitals. They also seemed more likely to choasge| urban hospitals than before,
1.89 and 2.22 times, respectively. Although theartgmnce of NICU in the hospital
choice decision decreased, it decreased acrosgitbepatient subgroups as well. The
coefficient of LOW_RAT stayed almost the same,.&01but still larger than one. My
findings show that maternity patients from low-ino® zip codes had increased access
to clinically high-performing hospitals as well safety-net hospitals. Within the
treatment group, the reallocation effect was lafgenon-high-risk patients. This
implies that high-risk patients, even with the aage gain, may have more
constraints on hospital choice, and therefore theaith outcomes might not have

been improved as much.
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Table 1.6 presents the results of the conditicogit model for the 1992
expansion, where the treatment group consistsosktivhose income ranged between
150 and 185 percent of the FPL. Before obtainingeage, patients in this income
category were more likely to use hospitals withftiiewing attributes: large size,
high volume, NICU, high complication rates, teachiNFP, and urban hospitals.
However, after obtaining coverage, they were midedyl to give birth at FP and
clinically better performing hospitals than NFP afidically poorly performing
hospitals, by 22 and 26 percent, respectively. Agaie switch to FP hospitals
occurred more with non-high-risk mothers than highk-patients. As expected, the
changes among the control groups, particularlyetiosm higher income zip codes,
were very small: all coefficients have values cltuzsene, while the changes in the
always eligible show patterns similar to thosetfa newly eligible. My results
suggest that the 1992 expansion provided those liwanrincome zip codes with
increased access to FP hospitals, hospitals in provate environments, as well as
those with better clinical outcomes.

As mentioned in Section V, these conditional l@gialyses drop patients who
have only one hospital option. Since these patwotdd have found it difficult to
switch between hospitals even if they wanted &xamine their hospital choice
behavior, using binary dependent variable modelsd@l 3). The number of patients
with only one hospital option is 35,475 out of 11,1395, only 3.14 percent of total
discharges: 40 percent are privately insured, 38gm have Medicaid, and 21 percent
are uninsured. They were more likely to be unindwempared to the average
population, and traveled farther to receive hospaege: the average distance to the
hospital was 9.15 miles. | do not find statistieaidence about the policy impacts on

patient reallocation at the 10 percent level. Timiglies that the patient reallocation
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[Table 1.6] Conditional Logit Model for 1992 Expan$on

150=<ZIPINC<185% of the FPL | ZIPINC=<150% | ZIPINCz185
(Treatment Group for 1992) of the FPL % of the FPL
high- non-
all ok | highaisk al all
Zipdist 0.82*** 0.83*** | 0.82*** 0.86*** 0.82***
(0.00) (0.00) (0.00) (0.00) (0.00)
FP 0.86*** 0.89*** | 0.84*** 0.65*** 0.71%**
(0.01) (0.02) (0.02) (0.01) (0.00)
Public 0.82*** 0.98 0.73*** 0.91*** 0.71%**
(0.01) (0.03) (0.02) (0.02) (0.01)
Teaching 1.05%+* 1.28** | 0.93*** 0.92*** 1
(0.02) (0.03) (0.02) (0.02) (0.01)
Large_bed 1.07*** 1.11%* | 1.05* 1.05* 0.80***
(0.02) (0.03) (0.02) (0.03) (0.01)
NICU 2.21%x* 2.12%x% | .27*** 2.38%* 2.08**
(0.03) (0.06) (0.04) (0.05) (0.02)
Rat_low 0.93*** 0.94*** | 0.92*** 0.82*** 0.85***
(0.01) (0.02) (0.01) (0.01) (0.00)
High_Vol 1.49%+* 1.49%+* | 1.50%** 1.41%* 1.9 %+
(0.03) (0.04) (0.03) (0.04) (0.02)
Urban 1.14%* 1.58** | 0.93* 4.84*** 0.40***
(0.04) (0.09) (0.04) (0.55) (0.01)
ZipdistxPOST92 1.00** 1.01x |1 0.99*** 1
(0.00) (0.00) (0.00) (0.00) (0.00)
FPxPOST92 1.22%* 1.13%* | 1.20%+* 1,78+ 0.91***
(0.03) (0.04) (0.04) (0.05) (0.01)
PublicxPOST92 0.90*** 0.76** |1.01 0.43*** 1.10%*
(0.02) (0.03) (0.03) (0.01) (0.01)
TeachingxPOST92 | 0.93*** 0.91** 0.90*** 1.36%** 0.98**
(0.02) (0.03) (0.03) (0.04) (0.01)
largebedxPOST92 | 1.33*** 1.46%+* | 1.24%* 2.18*** 1.23%+*
(0.03) (0.05) (0.04) (0.08) (0.01)
NICUxPOST92 1.02 1.05 1 0.91*** 0.90***
(0.02) (0.04) (0.03) (0.03) (0.01)
Rat_lowxPOST92 | 1.26*** 1.26%+* | 1.27** 1.52%+* 1.10%**
(0.02) (0.03) (0.03) (0.03) (0.01)
High_VolxPOST92 | 0.79*** 0.75** | 0.82*** 0.84*** 0.81***
(0.02) (0.03) (0.03) (0.03) (0.01)
UrbanxPOST92 1.12* 0.91 1.27%* 0.48*** 2.28%*
(0.05) (0.07) (0.08) (0.07) (0.04)
Observations 946825 385300 | 561525 | 492996 4596160
83690.6
LR-chi2 134695.65 | 51652.7 | 8 57530.18 566217.18
Prob>chi2 0 0 0 0 0
Psuedo R2 0.28 0.27 0.3 0.22 0.26
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was not occurring with this patient subgroup: thagté only one hospital option,

without or with coverage, still had constraintshmspital selectiot.

Results from the NIS Data

Now, | extend both hospital and patient level asialyo the national setting.
Here, the estimation method for the hospital ansligsthe same as the Florida's OLS
and hospital fixed-effect model, except for the NlIGariable unavailable. For the
patient level analysis, | estimate linear prob&pitnodels instead of the conditional
logit model due to lack of patient zip code infotraa. With patients’ race
information available in the NIS, the national aisals focus on racial disparities in
access to different types of hospitals. In doing $iost categorize patients into four
racial subgroups—White, Black, Hispanic, and otiaee®—and then break down
each racial group by patients’ zip code incomelkeas in the Florida hospital
analysis.

Table 1.7 presents the results of the hospital valysis. The dependent
variable is the proportion of patients whose zideemcome ranged between 100 and
185 percent of the FPL. Here, the policy variaBlel() is the simulated fraction of
the Medicaid eligible population among women oldtiearing age had they become
pregnant. Since this fraction, on average, inciebyed.24 over the years (0.17 in
1988 and 0.41 in 1995), the actual size of thecgoipact can be obtained by
multiplying 0.24 to the estimates of each covariate
In response to the increased fraction of the Medliehgible population, the
proportion of patients in the treatment group, @ased at large-size, low-volume,

clinically well-performing, teaching, public, rurdfP hospitals relative to the ones

3" They might have chosen different hospitals afteaiming coverage, but those hospitals would have
been more than 30 miles away from home.
38 Asian or Pacific Islander, Native American, anbest
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without each of these attributes, respectivelyhdiligh the F-test statistic is large
enough to reject the null hypothesis such thabfale coefficients are zero, none of
the coefficients are statistically significantlyffdrent from zero at the 10 percent
level, and the actual magnitude of the policy imips@lso very small. However, when
| break down patients by race and examine the ptigpoof patients from low-income
zip codes within each racial category, there dfifergint patterns in patient
reallocation across race. First, this proportiomag\Whites increased at hospitals by
8 percentage points, except for urban hospitalsHispanics and Blacks, these
proportions increased by 11 and 9 percentage pasfsectively, but only at FP
hospitals. For other race, the proportion increadeglinically better performing

hospitals by 3 percentage points.

[Table 1.7] Hospital Fixed-Effect Model across Racwith the NIS data

Proportion of Al | White | Black | Hispanic | Other race
Patient Subgroup 100 < ZIPINC <185% of the FPL
ELIG -0.02 0.34*** -0.30* -0.12 -0.13
(0.07) (0.12) 0.17) (0.14) 0.12)
ELIGxPublic 0.08 -0.13 0.11 0.02 0.08
(0.08) (0.11) (0.16) (0.13) 0.12)
ELIGxFP 0.17 0.23 0.74*** 0.37* 0.23
(0.12) (0.19) (0.25) (0.21) (0.17)
ELIGxTeaching 0.05 -0.05 0.03 0.07 -0.03
(0.07) (0.08) (0.13) (0.11) (0.09)
ELIGxVol high -0.02 -0.07 0.07 0.06 0.09
(0.05) (0.10) (0.12) (0.11) (0.10)
ELIGxBed Large | 0.01 -0.03 0.30** 0.07 0.1
(0.07) (0.10) (0.13) (0.11) (0.10)
ELIGxUrban 0.01 -0.44%** 0.05 -0.09 -0.07
(0.07) (0.13) (0.17) (0.15) 0.11)
ELIGxRat_Low 0.05 0.06 -0.04 0.11 0.14*
(0.05) (0.08) (0.11) (0.10) (0.08)
Constant 0.26*** 0.07*** 0.04*** 0.06*** 0.05***
(0.01) (0.01) (0.02) (0.01) (0.01)
Observations 4181 4181 4181 4181 4181
# of Hospitals 1092 1092 1092 1092 1092
R-square 0.02 0.16 0.13 0.09 0.07
F-stat 2.31 12.44 9.42 7.36 7.17
p-value 0 0 0 0 0
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[Table 1.7] continued

Proportion of Al | white | Black | Hispanic | Other race
Patient Subgroup Medicaid Coverage
ELIG -0.01 -0.07 -0.44** -0.14 -0.19
(0.09) (0.10) (0.19) (0.14) (0.14)
ELIGxPublic 0.23** 0.09 0.30* 0.30** 0.13
(0.10) (0.12) (0.18) (0.13) (0.13)
ELIGXFP 0.25** 0.35** 0.80*** 0.49*** 0.09
(0.11) (0.16) (0.25) (0.18) (0.14)
ELIGxTeaching -0.07 -0.09 -0.04 -0.02 -0.08
(0.09) (0.09) (0.15) (0.13) (0.11)
ELIGxVol high -0.13 0.01 0.09 -0.01 0.19*
(0.08) (0.09) (0.13) (0.11) (0.11)
ELIGxBed Large | 0.09 -0.03 0.42%** 0.11 0.1
(0.07) (0.09) (0.13) (0.10) (0.11)
ELIGxUrban 0.07 0 0.22 0.17 0.13
(0.08) (0.11) (0.17) (0.13) (0.13)
ELIGxRat_Low 0.12* 0.11 -0.07 0.09 0.15*
(0.07) (0.07) (0.12) (0.10) (0.09)
Constant 0.17** | 0.08*** 0.10*** 0.02* 0.05***
(0.01) (0.01) (0.02) (0.01) (0.01)
Observations 4181 4181 4181 4181 4181
# of Hospitals 1092 1092 1092 1092 1092
R-square 0.29 0.25 0.19 0.2 0.13
F-stat 36.33 25.71 16.53 23.03 18.12
p-value 0 0 0 0 0

Next, | compare the proportion of those in thetireant group with that of
Medicaid patients within each racial category. Apexted, these two proportions
move in the same direction, but the size is lafgethe Medicaid proportions. The
proportion of Medicaid patients in total increasggublic and FP hospitals (about 6
percentage points), as well as those with low carapbn rates (3 percentage points).
Except for other race, the proportion of Medicaidthers among Whites, Blacks, and
Hispanics increased at FP hospitals at least lr&ptage points, with the increase
the largest for Hispanics (12 percentage pointg)ilé\the proportion of Hispanic
Medicaid mothers also increased at public hosp{fak percentage points), the
proportion of Black Medicaid mothers declined ablmiand NFP hospitals (11 and

3.5 percentage points). Medicaid mothers of othee moved to higher volume
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hospitals and clinically better performing ones. fitylings suggest that among those
from low-income zip codes, patients of color beteefithe most from the expansions
by switching to FP hospitals and hospitals withéowomplication rates. These results
imply that the increased coverage might have soraeveuuced racial disparities in
access to higher quality of care.

Table 1.8 and Table 1.9 present the results op#tient level analysis in the
national setting: Table 1.8 for the four patieriguoups by zip code income levels
and Table 1.9 for the three subgroups by covergge tn the linear probability
models, | separately regress each of the binaigatats for hospital attributes (FP,
teaching, low complication rate, etc) on the fraictof the Medicaid eligible
population (ELIG), as well as patient age and highk-status. In this way, | test
whether a higher fraction of the Medicaid eligiplgpulation increased a probability
of patients’ receiving care at hospitals with ottelaute over those without it: e.g.
whether those from low-income zip codes are mawylito choose FP hospitals over
NFP or public hospitals, or hospitals with low cdiogtion rates over those with high
complication rates, etc. Additionally, | use foiars of the clinical outcome measure
(Rat_g1, Rat_g2, Rat_g3, and Rat_qg4) as the deptndeables.

Table 1.8 reports the coefficientsEif1G for the patient subgroups across zip
code income levels in the linear probability modie& first row presents the
coefficients for patients of all races, and théolwing four rows report the coefficients
when the LPM is separately estimated across therémial subgroups. The results of
these patient level analyses are consistent welottes in the hospital level analysis.
Medicaid expansions enabled those in the treatgrentp to deliver at teaching and
NFP hospitals, as well as hospitals with bettenichl performance. In particular,
Black mothers among those from low-income zip catesved the largest

reallocation towards such types of hospitals: teffecient of Rat_low is the largest
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[Table 1.8] Linear Probability Model across Incomelevels (NIS Data)

Patient Subgroup by X=ZIPINC

100<X<185 All White Black Hispanic
Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E.
FP -0.02*** | (0.00) | 0.11** | (0.01) | 0.07*** | (0.01) | -0.06*** | (0.01)
Public -0.01* (0.01) | 0.01 (0.01) | -0.09*** | (0.02) | 0.43*** [ (0.02)
Teaching 0.21*** ] (0.01) | -0.25*** | (0.03) | 0.06* (0.03) | -0.33*** | (0.04)
Bed Large -0.05*** | (0.01) | -0.34*** | (0.03) | -0.24*** | (0.04) | 0.34*** | (0.03)
Urban -0.07*** ] (0.01) | -0.21*** | (0.02) | -0.05*** | (0.01) | -0.47*** | (0.02)
RatQ1 -0.18*** | (0.01) | 0.05** (0.02) | -0.01 (0.03) | -0.07** | (0.03)
RatQ?2 -0.02** ] (0.01) | 0.13*** | (0.02) | -0.15*** | (0.03) | 0.43*** | (0.03)
RatQ3 0.21*** ] (0.01) | -0.27*** | (0.02) | 0.59*** | (0.03) | -0.04 (0.03)
RatQ4 -0.02* (0.01) | 0.09*** | (0.02) | -0.43*** | (0.03) | -0.32*** | (0.02)
Rat Low 0.16*** | (0.01) | 0.27*** | (0.03) | 0.50*** | (0.04) | 0.30*** | (0.04)
Vol high -0.11*** | (0.01) | -0.36*** | (0.03) | -0.07*** | (0.03) | -0.07** | (0.03)
X<100
FP 0.03*** | (0.01) | 0.13*** | (0.04) | -0.03 (0.02) | 0.01 (0.01)
Public -0.08*** | (0.03) | 0.04 (0.08) | -0.67*** | (0.06) | 0.28*** | (0.07)
Teaching -0.24*** | (0.04) | -0.76*** | (0.16) | -0.21** | (0.09) | -0.77*** | (0.12)
Bed Large -0.15*** | (0.04) | -0.79*** | (0.16) | 0.31*** | (0.10) | -0.47*** | (0.12)
Urban -0.06*** | (0.02) | -0.31*** | (0.08) | O (0.00) | -0.33*** | (0.05)
RatQ1 0.30*** | (0.03) | 0.29** (0.14) | 0.1 (0.08) | 0.40*** | (0.09)
RatQ?2 -0.66*** | (0.03) | 0.01 (0.13) | -1.71*= | (0.07) | -0.21** | (0.09)
RatQ3 0.46*** | (0.03) | 0.14 (0.16) | 0.70*** | (0.08) | 0.29*** [ (0.10)
RatQ4 -0.11*** | (0.04) | -0.44** | (0.18) | 0.91*** | (0.09) | -0.48*** | (0.08)
Rat Low 0.85*** | (0.03) | 0.73*** | (0.15) | 1.28*** | (0.09) | 0.65*** | (0.12)
Vol high -0.10*** | (0.02) | -0.16 (0.11) | -0.29** | (0.07) | -0.23** | (0.09)
185<X<300
FP 0.03*** | (0.00) | 0.03*** | (0.00) | 0.10*** | (0.01) | -0.12*** | (0.01)
Public 0.06*** | (0.00) | 0.08*** | (0.01) | -0.01 (0.02) | 0.34**=* | (0.01)
Teaching -0.24*** | (0.01) | -0.35*** | (0.01) | -0.16*** | (0.03) | -0.15*** | (0.03)
Bed Large 0.08*** | (0.01) | -0.07*** | (0.01) | -0.11*** | (0.03) | 0.54*** | (0.03)
Urban -0.06*** | (0.00) | -0.04*** | (0.01) | -0.04*** | (0.01) | -0.07*** | (0.01)
RatQ1 -0.03*** | (0.00) | -0.02* (0.01) | -0.09*** | (0.02) | -0.13*** [ (0.02)
RatQ?2 0.09*** ] (0.01) | 0.07*** | (0.01) | -0.24*** | (0.02) | 0.23*** | (0.02)
RatQ3 0.23*** | (0.01) | 0.32*** | (0.01) | 0.50*** | (0.03) | 0.20*** | (0.03)
RatQ4 -0.29*** | (0.01) | -0.38*** | (0.01) | -0.17*** | (0.02) | -0.30*** | (0.02)
Rat Low 0.36*** | (0.01) | 0.40*** | (0.01) | 0.28*** | (0.03) | 0.42*** | (0.03)
Vol high -0.20*** | (0.01) | -0.22*** | (0.01) | -0.01 (0.02) | 0.01 (0.03)
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[Table 1.8] continued

X>300 All White Black Hispanic
Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E.

FP 0.07*** ] (0.00) | -0.03*** | (0.00) | 0.03* (0.02) | 0.01 (0.01)

Public 0.07*** ] (0.00) | 0.07*** | (0.00) | -0.01 (0.03) | 0.06*** [ (0.02)

Teaching | -0.34** | (0.01) | -0.22% | (0.01) | -0.05 (0.04) | -0.28** | (0.05)
Bed Large | 0.51%* | (0.01) | 0.48** | (0.01) | 0.56** | (0.04) | 0.46™* | (0.04)

Urban -0.04** | (0.00) | -0.05* | (0.00) | 0.01 (0.02) | 0.057* | (0.01)
RatQ1 0.01** | (0.00) | 0.02* | (0.01) |-0.14* | (0.03) | 0.03 (0.04)
RatQ2 0.11%* | (0.01) | 0.03** | (0.01) | -0.31** | (0.03) | 0.32%* [ (0.03)
RatQ3 -0.39%* | (0.01) [ -0.08** | (0.01) |-0.36** | (0.04) | 0.19** [ (0.05)
RatQ4 0.27+* | (0.01) | 0.03** | (0.01) | 0.82%* | (0.04) | -0.54** | (0.04)
Rat Low | 0.26** | (0.01) | 0.24* | (0.01) | 0.56** | (0.03) | 0.90** | (0.05)
Vol high | -0.06** | (0.01) | -0.02** | (0.01) | 0.26** | (0.03) | 0.05 (0.04)

(0.50), and they moved from the bottom tier totthied tier hospitals in terms of
clinical performance. Unlike White or Black patigimh the treatment group, Hispanic
and other race women in the treatment group wearillyereallocated towards public
hospitals. Patients of color from low-income zigles were able to avoid the
clinically worst performing hospitals (Rat_q4), wiBlacks benefiting the most, while
Whites move up to the top or second tier hosp{f&_qgl and Rat_g2). These
findings imply that disparities in access to higheality hospitals between low-
income and high-income patients might have lowevkdn low-income patients
obtained Medicaid coverage, but Medicaid patietiish.®d some constraints on
access to high-quality hospitals compared to thefaly insured.

Table 1.9 reports the coefficientsEif1G for patient subgroups across
coverage types in each racial subgroup. Similéineaesults in Table 1.8, Black and
White Medicaid mothers were more likely to choogehospitals, while Hispanic or
other race women were more likely to select pufdispitals. Medicaid patients of all
races were able to avoid the clinically worst perfimng hospitals, Rat_qg4. Hispanic

Medicaid patients were more likely to deliver agk, teaching, public hospitals, as
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[Table 1.9] Linear Probability Model across Insurarce Coverage (NIS Data)

Patient Subgroup by Insurance Coverage

Medicaid All White Black Hispanic
Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E.
FP -0.02*+* | (0.00) | 0.01* | (0.01) [ 0.05*** | (0.01) | -0.14*** | (0.01)
Public 0.12** | (0.01) | 0.06*** | (0.01) | -0.10*** | (0.02) | 0.51** | (0.01)
Teaching |0 (0.01) | -0.30** | (0.02) | -0.26*** | (0.03) | 0.06** | (0.03)
Bed Large | 0.11*+* | (0.01) | -0.03* | (0.02) | 0 (0.03) | 0.52*** | (0.03)
Urban -0.02*** | (0.01) | -0.05*** | (0.01) | -0.03*** | (0.01) | -0.20*** | (0.01)
RatQ1 -0.11*+ | (0.01) | -0.07** | (0.02) | -0.01 (0.02) | -0.19*** | (0.03)
RatQ?2 -0.15** | (0.01) | 0.03* 0.02) | -0.27*** | (0.02) [ 0.07*** | (0.02)
RatQ3 0.274+ | (0.01) | 0.07** | (0.02) [ 0.39** | (0.03) | 0.34*** | (0.03)
RatQ4 -0.01 (0.01) | -0.03** | (0.02) | -0.11*** | (0.02) | -0.22*** | (0.02)
Rat Low | 0.31** [ (0.01) | 0.38** | (0.02) | 0.75*** | (0.02) | 0.15*** | (0.03)
Vol high |-0.13*=* [ (0.01) | -0.25** | (0.02) | -0.13*** | (0.02) | 0.03 (0.03)
Private Insurance
FP 0.05** | (0.00) | 0.01*** | (0.00) | 0.08*** | (0.01) | 0.03*** | (0.01)
Public 0.05** | (0.00) | 0.06** | (0.00) | -0.06*** | (0.01) | 0.10** | (0.01)
Teaching | -0.26*** | (0.01) | -0.27** | (0.01) | 0.04 (0.03) | -0.68*** | (0.03)
Bed Large | 0.22*+ | (0.01) | 0.23*+* | (0.01) | 0.05* (0.03) | 0.24** | (0.03)
Urban -0.08*** | (0.00) | -0.07*** | (0.00) | -0.02*** | (0.01) | -0.13*** | (0.01)
RatQ1 -0.02*** | (0.00) | 0.01 (0.01) | -0.34* | (0.02) | -0.06* | (0.03)
RatQ?2 0.16** | (0.00) | 0.11*+* | (0.01) | -0.24* | (0.02) | 0.63*** | (0.02)
RatQ3 -0.11** | (0.01) | 0.04*+* | (0.01) | 0.28** | (0.03) | -0.04 (0.03)
RatQ4 -0.02** | (0.01) | -0.15** | (0.01) | 0.29** | (0.03) | -0.54*** | (0.02)
Rat Low | 0.29** [ (0.01) | 0.30** | (0.01) | 0.17*** | (0.03) | 0.76*** | (0.03)
Vol high |-0.12* | (0.00) [ -0.11** | (0.01) | 0.20** | (0.02) | -0.01 (0.03)
Self-pay
FP -0.01 (0.01) | -0.01 (0.01) [ 0.06* | (0.03) [ -0.16** | (0.02)
Public -0.08*+ | (0.01) | 0.16** | (0.02) | 0.07 (0.06) | -0.06** | (0.03)
Teaching | -0.49** | (0.02) | -0.46*** | (0.03) | -0.05 (0.08) | -0.47*** | (0.06)
Bed Large | 0.03 (0.02) | -0.04 (0.03) | -0.31#** | (0.09) [ 0.39*** | (0.06)
Urban -0.09** | (0.01) | -0.12** | (0.02) | -0.03 (0.03) | -0.07*** | (0.02)
RatQ1 -0.05** | (0.02) | -0.04 (0.03) [ 0.19*+ | (0.07) | 0.04 (0.06)
RatQ?2 0.14*+ | (0.02) | 0.25** | (0.03) | -0.28** | (0.07) | 0.26*** | (0.04)
RatQ3 0.12*>* | (0.02) | 0 (0.04) | 0.09 (0.09) | 0.08 (0.06)
RatQ4 -0.21%+ | (0.02) | -0.22** | (0.03) | 0 (0.07) | -0.39*** | (0.04)
Rat Low | 0.53*+* | (0.02) | 0.54*+* | (0.03) | 0.31** | (0.08) | 0.94*** | (0.06)
Vol high | -0.22** | (0.02) | -0.19*** | (0.03) | -0.19*** [ (0.07) [ -0.27*** | (0.06)
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well as facilities with better clinical outcomeshie other race Medicaid patients
moved to lower volume, public, and urban hospitéle heterogeneous policy effects
by patient race suggest that Medicaid expansiomifigve reduced racial disparities

in access to higher quality of care.

VII. Discussion and Conclusion

In the main analysis, | showed that Medicaid expmarssreallocated maternity patients
from low-income zip codes across hospitals, mdstlyards higher quality

institutions. However, there may be other factbeg might have led Medicaid
mothers to switch to higher quality hospitals.Histsection, | address potential
confounding factors, especially payment changetsciidd have provided incentives
for hospitals to admit more low-income mothers. Thdiscuss other issues and

conclude this paper.

Medicaid DSH

As shown in Aizeet al (2004) and Duggan (2000), the Medicaid DSH
program, making extra payments to hospitals wheshiesa large number of low-
income patients, is likely to provide a strong imoee for some hospitals to accept
more low-income patients. In order to examine wlethe DSH payment is the main
reason for those from low-income zip codes beingitdd to higher quality hospitals,
ideally | would like to control for the amount ofSBl payments at the hospital level.
With such data unavailable, however, | conductunterfactual analysis, comparing
maternity patients from low-income zip codes, wheravmore likely to be influenced
by both coverage expansion and the DSH prograrh, avtontrol group who were

influenced by only one of these two policies. Thsuamption behind this analysis is
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that if high quality hospitals admitted more maigrpatients from low-income zip
codes in order to receive Medicaid DSH paymenesdtospitals would also increase
admissions for patients with other diseases frapsetpoor zip codes.

As for the control group, | study pneumonia pat&raged between 20 and 64.
Pneumonia was one of the top five causes of hdg@itimn among the uninsured,
along with childbirth, heart disease, mental ilkyeand alcohol abuse (HCUP, 2006).
Therefore, hospitals’ potential uncompensated barden would have reduced if low-
income pneumonia patients had come with a reliphler source. Without a change
in the eligibility rules for non-pregnant adult@viever, profitability for low-income
pneumonia patients would have changed only if MEdi©SH payments changed.

Table 1.10 presents the results of the hospitatfieffect model for
pneumonia patients in the NIS. Here, the hospaaie and hospital variables are the
same as those in the maternity patient analysibelproportion of pneumonia patients
from low-income zip codes increases at higher gphbspitals, | can infer that the
DSH program was part of the reason for maternitiepts from low-income zip codes
moving to higher quality hospitals. However, | dat find such pattern for pneumonia
patients. Nor do | find any statistically signifidcampact on reallocation of Medicaid
pneumonia patients, while the proportion of selfpagients with pneumonia increased
at FP and public hospitals.

In Florida, the Medicaid DSH program was establisbe July 1, 1988, and

the DSH formula did not change during my studyquralthough the distribution of

39| choose pneumonia patients for the following oess a) there is a large enough sample of
pneumonia patients at each hospital; b) most shetes run a separate DSH program for mental
institutions; c) heart disease patients usuallyiregmmediate medical attention so that their chaf
hospitals would be mainly determined by distanceaspital, rather than other hospital attributest a
d) pneumonia patients are considered to have diisarever the hospital choice because a delay of as
much as one hour would not directly affect thegytts prognosis (Gowrisankaran and Town, 2003).
The principle diagnosis code (ICD-9 code: 480-48&prmines pneumonia patients. Those with
childbirth DRG codes (370-375), as well as childaew the elderly, i.e., those who could have had
coverage other than Medicaid, are dropped.
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[Table 1.10] Hospital Fixed-Effect Model for Pneumaia Patients (NIS Data)

Fixed effects 100=X 185<X ... | Privatel Self-
XoZIPING) | <185 | X<100 | "I | X>300 | Medicaid | TR | R
ELIG 0.13 -0.01 -0.20* | 0.1 0.08 0.22 -0.13**
(0.09) [ (0.02) | (0.11) | (0.08) | (0.10) (0.16) (0.06)
ELIGXPublic -0.06 0.01 0.14 -0.09 -0.09 -0.08 0.21***
(0.10) [ (0.02) | (0.10) | (0.10) | (0.11) (0.14) (0.07)
ELIGXFP 0.11 -0.03 0.09 -0.17 0.02 0.03 0.16**
(0.13) [ (0.02) | (0.12) | (0.15) | (0.09) (0.19) (0.06)
ELIGxTeaching 0.03 -0.01 -0.04 0.03 0.06 0.04 0.01
(0.08) | (0.02) | (0.09) | (0.08) | (0.07) (0.13) (0.05)
ELIGxVol high -0.04 0 0 0.01 -0.07 0.08 0
(0.07) [(0.02) | (0.07) [ (0.07) | (0.07) (0.11) (0.04)
ELIGxBed Large | O -0.02 -0.05 0.08 -0.05 0.1 0.04
(0.08) | (0.02) | (0.07) | (0.09) | (0.06) (0.10) (0.04)
ELIGxUrban -0.12 0.02 0.16* -0.07 -0.11 -0.1 0.05
(0.09) | (0.02) | (0.09) [ (0.10) | (0.08) (0.14) (0.05)
ELIGxRat_Low -0.09 0 0.13* -0.04 0.05 -0.12 0.04
(0.06) | (0.01) | (0.07) | (0.06) | (0.06) (0.10) (0.04)
Constant 0.29*** | 0.02*** | 0.39*** | 0.25*** | 0.10*** 0.61*** | 0.04***
(0.01) [(0.00) | (0.01) [ (0.01) | (0.01) (0.02) (0.01)
Observations 4097
# of Hospitals 1084
F-stat 0.64 0.8 1.33 1.08 3.92 4.03 3.22
p-value 0.85 0.67 0.18 0.37 0 0 0

DSH payments across hospitals or hospitals’ resptmthe DSH program might have
changed over time. Without detailed data for ha@$iSH payments, | also conduct
the same counterfactual analysis on pneumoniansti@gain, | do not find any
reallocation effect among pneumonia patients fromincome zip codes at the

statistically significant level.

Physician Fee Increases

The other possible factor which could affect pdtreallocation is physician
fee changes. The Omnibus Budget Reconciliation(@&RA) in 1989 encouraged
states to raise Medicaid physician fees for pregnamen and children. Higher

physician fees for Medicaid mothers may have infaesl hospital admissions for low-
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income mothers through two channels: better adogsysicians and a change in the
available physician pool through Medicaid. FirBg tncrease in physician care for
low-income mothers can prevent development of higkpregnancies, and more
interactions with physicians may improve physiciamglerstanding about patients’
health and preferences, which can lead them terbatid preferred hospitals.
Moreover, the increased fees may have motivatediplays to join the Medicaid
program. If those new physicians had differentmelepatterns or admitting privileges
with higher quality hospitals, Medicaid mothers lcblmave been reallocated, even
without a coverage expansion.

In order to control for the effect of the physici@e increase on hospital
admission patterns, | add the ratio of Medicaigrigate payer physician fees for
obstetric car®, as well as the interaction terms between thisdée™ and each of the
hospital attributes, to the original fixed-effecodel (Baker and Royalty, 2000). The
results in Table 1.11 show that the increased playsiees did have some effects on
Medicaid patients in total, but the reallocatiofeef on maternity patients from low-
income zip codes was still dominated by the ellgibexpansion policy. For example,
the proportions of White and Black mothers from Jmwome zip codes increased by
23 and 20 percentage poitftat FP hospitals, all of which were due to theilbliigy
expansions. For Hispanic and other race mothens foav-income zip codes,
however, the reallocation towards FP hospitals ataguted to the physician fee

increases rather than the coverage expansionglyi-th@ expansion of Medicaid

“° The data for the Medicaid physician fees from 1887993 come from various sources (see Cetrie
al, 1994). As in Curriet al (1995), | estimate private physician fees basetheri989 data in

Schwartz (1991) and state-specific, hospital autdtion (hospital expenses per inpatient daysnfro
Hospital Statistics (AHA, 1987-1995).

*1 According to Schwartz (1991), this ratio in 1988smas low as 0.18 in New Jersey, and as high as 1
in South Carolina. On average, the ratio incredgeti0 percentage points during the sample period,
from 0.41 in 1988 to 0.51 in 1991.

2 0n average, the fraction of eligible populatioare#gased by 0.25, while the ratio of Medicaid to
private payer physician fees increased by 0.1.8fbeg, the change in the proportion of low-income
White mothers at FP hospitals is calculated by4343-(-0.45+0.40)/10.
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[Table 1.11] Hospital Fixed-Effect Model with Phystian Fees (NIS Data)

Proportion of

100 < ZIPINC < 185% of the FPL

Patient Subgroup | Al White | Black | Hispanic | Ome!
ELIG -0.07 0.94*** | -0.34 -0.19 0
(0.06) (0.23) (0.25) (0.22) (0.26)
ELIGxPublic -0.02 -0.36** | -0.09 0.06 0.2
(0.06) (0.16) (0.20) (0.14) (0.18)
ELIGXFP 0.1 0.03 0.80** 0.01 -0.2
(0.07) (0.18) (0.35) (0.12) (0.12)
ELIGxTeaching 0.01 -0.24*** | 0.01 -0.07 -0.14*
(0.03) (0.07) (0.11) (0.09) (0.08)
ELIGxVol high 0 0.14 0.08 0.18* 0.31%**
(0.04) (0.10) (0.10) (0.10) (0.09)
ELIGxBed Large | 0.03 -0.26*** | 0.1 -0.07 -0.11
(0.04) (0.09) (0.09) (0.11) (0.08)
ELIGxUrban 0.04 -1.02*** | 0.07 -0.08 -0.29
(0.06) (0.22) (0.23) (0.19) (0.20)
ELIGXRat_Low 0.01 0.1 -0.07 0.08 0.22**
(0.03) (0.10) (0.12) (0.10) (0.10)
FEE 0.06 -0.45*** | 0.04 0.06 -0.12
(0.05) (0.12) (0.12) (0.11) (0.12)
FEExPublic 0.18** 0.27** | 0.37*** | 0.16 0.08
(0.08) (0.10) (0.13) (0.10) (0.11)
FEExFP 0.17 0.40** 0.29 0.44** | 0.53***
(0.13) (0.16) (0.20) (0.15) (0.15)
FEExTeaching 0.03 0.09 -0.12 0.02 0.06
(0.06) (0.08) (0.11) (0.10) (0.09)
FEExVol_high -0.07 -0.07 -0.01 -0.03 -0.09
(0.05) (0.09) (0.11) (0.11) (0.10)
FEExBed Large | 0.04 0.17* 0.15 0.07 0.18**
(0.05) (0.07) (0.09) (0.09) (0.08)
FEExUrban -0.05 0.43** | 0.15 0.05 0.21*
(0.06) (0.12) (0.13) (0.12) (0.11)
FEExRat_Low 0.01 0.01 0.05 -0.03 -0.07
(0.04) (0.07) (0.09) (0.08) (0.08)
Constant 0.25*** | 0.07** | -0.02 0.04** 0.04**
(0.01) (0.02) (0.02) (0.02) (0.02)
Observations 3466
# of Hospitals 943
R-square 0.03 0.19 0.17 0.1 0.09
F-stat 1.38 7.77 7.95 5.04 5.89
p-value 0.11 0 0 0 0
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[Table 1.11] continued

Proportion of Medicaid
Patient Subgroup All White Black Hispanic | Other race
ELIG 0.14 0.22* -0.48* -0.13 -0.07
(0.10) (0.12) (0.29) (0.20) (0.26)
ELIGxPublic 0.09 -0.11 -0.03 0.39** 0.29
(0.12) (0.12) (0.23) (0.19) (0.19)
ELIGxFP 0.01 0.04 0.59* 0.13 -0.22
(0.15) (0.17) (0.35) (0.21) (0.15)
ELIGxTeaching -0.11 -0.24*** -0.03 -0.11 -0.23*
(0.09) (0.08) (0.15) (0.15) (0.14)
ELIGxVol_high -0.11 0.13 0.09 0.06 0.26*
(0.10) (0.10) (0.15) (0.14) (0.15)
ELIGxBed_Large | -0.01 -0.20** 0.2 -0.11 0.01
(0.09) (0.09) (0.14) (0.12) (0.15)
ELIGxUrban 0 -0.26** 0.23 0.14 0.03
(0.12) (0.13) (0.25) (0.19) (0.23)
ELIGxRat_Low 0.11 0.1 -0.06 0.15 0.18
(0.07) (0.07) (0.15) (0.13) (0.13)
FEE -0.04 -0.31*** -0.21* -0.24** -0.24*
(0.06) (0.08) (0.13) (0.10) (0.12)
FEExPublic 0.23*** 0.38*** 0.62*** 0.15 0.16
(0.08) (0.09) (0.14) (0.11) (0.11)
FEEXFP 0.15 0.50*** 0.52*** 0.38** 0.52***
(0.10) (0.14) (0.20) (0.15) (0.13)
FEExTeaching -0.06 0.11 0.05 0.09 0.11
(0.07) (0.09) (0.14) (0.11) (0.10)
FEExVol_high -0.03 0.01 0.01 0.05 0.04
(0.07) (0.08) (0.12) (0.10) (0.10)
FEExBed_Large | 0.06 0.12* 0.19* 0.16* 0.04
(0.06) (0.07) (0.10) (0.08) (0.09)
FEExUrban 0 0.23*** 0.29** 0.09 0.1
(0.07) (0.09) (0.15) (0.12) (0.12)
FEExRat_Low -0.02 0.05 0.02 -0.07 -0.08
(0.05) (0.06) (0.10) (0.08) (0.08)
Constant 0.16*** 0.08*** 0.07*** 0.07*** 0.09***
(0.01) (0.02) (0.03) (0.02) (0.02)
Observations 3466 3466 3466 3466 3466
# of Hospitals 943 943 943 943 943
R-square 0.32 0.28 0.21 0.2 0.15
F-stat 24.71 15.58 13.96 13.84 12.33
p-value 0 0 0 0 0

63




coverage helped other race mothers from low-incoimeodes to receive care at
clinically better performing hospitals; the proporntincreased by 5 percentage points
at hospitals with low complication rates. My fingsisuggest that the increased
physician fees seemed to reinforce the reallocaftects towards FP hospitals for
Medicaid patients. These results are consistetit thidse in Baker and Royalty
(2000), which showed that increased physician feakocated low-income mothers to

private physicians.

Payment Differentials

Lastly, | examine whether the impact of Medicaig@&xsion varied with
hospital reimbursement generosity across state€ulise and Gruber (2001) noted,
the lower the Medicaid hospital payments are nedgtib private payer
reimbursements, the smaller increase in expectgagats for hospitals for treating
low-income mothers who obtained Medicaid coverddeerefore, the impact of
Medicaid expansions on patient reallocation magrhall in states where Medicaid
hospital payments are significantly lower than atévpayer reimbursements, as
opposed to states where Medicaid hospital paynartslose to the private payers’.

Due to the lack of hospital payment data, howelvese physician fee
differentials as a proxy, assuming that states tigher physician fees would also
provide higher payments to hospitals. The paymé#fardntial is defined as the ratio
of private to Medicaid global physician fees fogiwreal delivery, the inverse of the fee
ratio used in the previous section. To capturadheof the relative payment
generosity across hospitals, | add the interadBoms between the differentials and
the hospital covariate§EE andFEEXX) to the original fixed-effect models.

Table 1.12 presents the results of this hospitalfieffect model with the NIS

data, and supports my hypothesis that the impaeteficaid expansion was smaller
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[Table 1.12] Hospital Fixed-Effect Model with Paymat Differentials (NIS Data)

Proportion of Patient

100< ZIPINC < 185% of the FPL

Subgroup All White Black | Hispanic (?;t;eer
ELIG 0.06 0.80*** | 0.2 0.31* 0.12
(0.10) (0.15) (0.19) (0.18) (0.15)
ELIGxPublic 0.16 -0.26* 0.12 0.02 0.05
(0.10) (0.15) (0.18) (0.17) (0.16)
ELIGXFP 0.23 0.21 0.73*** 0.45* 0.28
(0.17) (0.23) (0.28) (0.24) (0.21)
ELIGxTeaching 0.1 -0.06 0.06 0.14 0.01
(0.10) (0.14) (0.17) (0.16) (0.15)
ELIGxVol high -0.08 -0.2 0.01 0.06 0.06
(0.08) (0.15) (0.19) (0.17) (0.16)
ELIGxBed Large 0.02 -0.08 0.29* 0.03 0.1
(0.09) (0.14) (0.16) (0.15) (0.14)
ELIGxUrban -0.07 -0.49*** | 0.11 -0.2 -0.04
(0.12) (0.18) (0.22) (0.19) (0.17)
ELIGXRat_Low 0.04 0.13 0.02 0.09 0.20*
(0.06) (0.12) (0.15) (0.14) (0.11)
ELIGXDIFF -0.07* -0.17** | -0.21*** | -0.21*** | -0.09*
(0.04) (0.05) (0.08) (0.06) (0.05)
ELIGXDIFFxPublic -0.07 -0.01 -0.12** -0.05 -0.04
(0.04) (0.04) (0.05) (0.04) (0.05)
ELIGXDIFFXFP -0.06 -0.08* -0.11 -0.11** -0.10**
(0.04) (0.05) (0.07) (0.05) (0.05)
ELIGxDIFFxTeaching -0.01 0.02 0.05 0.01 0.01
(0.02) (0.02) (0.03) (0.03) (0.02)
ELIGxDIFFxVol_high 0.01 0.02 -0.05 -0.04 -0.02
(0.02) (0.03) (0.03) (0.03) (0.03)
ELIGxDIFFxBed Large | 0 0.02 0.03 0.02 0.01
(0.02) (0.03) (0.03) (0.03) (0.03)
ELIGXDIFFxUrban 0.07* 0.08 0.09 0.14** 0.04
(0.04) (0.05) (0.08) (0.06) (0.05)
ELIGXDIFFxRat_Low -0.01 -0.02 -0.04 -0.01 -0.03
(0.01) (0.02) (0.03) (0.02) (0.02)
Constant 0.28*** 0.08*** | 0.08*** 0.09*** 0.07***
(0.01) (0.01) (0.02) (0.01) (0.01)
Observations 4086
# of Hospitals 1068
R-square 0.04 0.2 0.2 0.13 0.09
F-stat 1.55 10.29 10.19 6.95 6.37
p-value 0.05 0 0 0 0
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[Table 1.12] continued

Proportion of Patient Medicaid
Subgroup All White Black | Hispanic ?;Egr
ELIG 0.08 0.12 -0.15 -0.07 -0.21
(0.11) (0.13) (0.18) (0.18) (0.16)
ELIGxPublic 0.27* 0.17 0.49*** 0.36** 0.34**
(0.11) (0.13) (0.16) (0.16) (0.16)
ELIGXFP 0.2 0.46*** | 0.89*** 0.60*** 0.35**
(0.13) (0.16) (0.23) (0.19) (0.15)
ELIGxTeaching -0.15 -0.01 0.1 0.1 -0.03
(0.10) (0.16) (0.20) (0.17) (0.18)
ELIGxVol high -0.19* 0.01 0.17 0.04 0.37***
(0.10) (0.12) (0.16) (0.15) (0.14)
ELIGxBed Large 0.06 0 0.50*** 0.2 0.02
(0.08) (0.11) (0.14) (0.13) (0.12)
ELIGxUrban 0.11 0.01 0.37* 0.32* 0.1
(0.10) (0.14) (0.19) (0.18) (0.16)
ELIGXRat_Low 0.11 0.22** -0.04 0.01 0.08
(0.08) (0.10) (0.14) (0.13) (0.11)
ELIGXDIFF -0.03 -0.04 -0.09 0 0
(0.04) (0.04) (0.07) (0.06) (0.05)
ELIGXDIFFxPublic -0.08* -0.12%** | -0.21*** -0.05 -0.10**
(0.04) (0.04) (0.05) (0.05) (0.04)
ELIGXDIFFXFP 0.02 -0.12** -0.14* -0.04 -0.11**
(0.04) (0.05) (0.08) (0.05) (0.04)
ELIGxDIFFxTeaching 0.02 0 0.04 -0.01 0
(0.02) (0.03) (0.04) (0.03) (0.03)
ELIGxDIFFxVol_high 0 -0.02 -0.10%** -0.05 -0.07**
(0.03) (0.03) (0.04) (0.03) (0.03)
ELIGxDIFFxBed Large | 0.01 -0.01 0 -0.02 0.03
(0.03) (0.03) (0.03) (0.03) (0.03)
ELIGXDIFFxUrban 0 0.02 0.01 -0.04 0.01
(0.03) (0.04) (0.07) (0.06) (0.05)
ELIGXDIFFxRat_Low 0 -0.04* -0.05 0.01 0.01
(0.02) (0.02) (0.03) (0.03) (0.03)
Constant Q.17+ 0.10*** | 0.14*** 0.03** 0.07***
(0.01) (0.01) (0.02) (0.02) (0.01)
Observations 4086
# of Hospitals 1068
R-square 0.29 0.29 0.24 0.21 0.14
F-stat 24.05 20.78 21.65 17.62 12.96
p-value 0 0 0 0 0
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in states where Medicaid hospital payments weredeserous than private payers’.
For example, the proportion of Hispanic mothersiflow-income zip codes would
have increased at FP hospitals by 11 percentagésp@d.31+0.45-0.21-0.11)/4) if
there were no payment differentials between pripatgers and Medicaid. However, if
state governments paid hospitals less than prpeter reimbursements, the increase

in the proportion would be smaller.

Patients Admitted through Emergency Room

In the main analysis, | did not include patientsowbere admitted through
emergency rooms. In the Florida discharge data abtait 10 percent of childbirth
patients (6-16 percent in each year) were admittemligh emergency rooms, while in
the NIS, 7 percent of the discharges were recoadezimergency room admissions.
Not surprisingly, emergency room admissions iniflebhad 8 percentage point lower
c-section rates and 6 percentage point higher wekidmissions than non-
emergency admissions. They were younger, residit@aer income zip codes,
staying longer, and making shorter trips to ho$pitaan routine admissions. The most
striking difference lies in the distribution of gaysources. Emergency rooms are
heavily used by not only uninsured patients but Medicaid patients, with these two
groups accounting for about 80 percent of ER adomsslt is surprising to see such a
large number of Medicaid patients admitted throaegtergency rooms, even after they
obtain a guaranteed payer source. The increask mdiissions for Medicaid patients
after 1989 and 1992 implies that some of new Medietgible mothers might not
have been aware of their eligibility until theimadsions to hospitals to deliver babies.

Table 1.13 reports the results of the conditiéogit model for the Florida
data. Prior to the expansions, maternity patie® low-income zip codes were

heavily dependent on emergency departments atgudiching, and urban hospitals.
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[Table 1.13] Conditional Logit Model for EmergencyRoom Admissions (Florida)

X=ZIPINC as % 100X 150X
of the FPL <150 X<100 X>300 <185 X<150 X>300
Zipdist 0.77** 0.66*** 0.81%** 0.78*** 0.60*** 0.87
(0.00) (0.01) (0.00) (0.00) (0.00) (0.00)
FP 0.56*** 0.10%** 0.35%** 0.28*** 0.73%** 0.64
(0.05) (0.01) (0.03) (0.02) (0.09) (0.02)
Public 22.21%* | 6.11*** 4,86*** 3.13%** 2.08%** 7.87
(1.27) (0.59) (0.29) (0.13) (0.18) 0.17
Teaching 5.46%** 90.93*** | 0.56*** 3.00%** 2.81%** 1.46
(0.47) (17.41) (0.04) (0.15) (0.25) 4
Large bed 1.55%** 2.12%** 1.21 1.69*** 4715 2.66
(0.17) (0.27) (0.18) (0.12) (0.57) 0.12
NICU 0.54*** 0.28*** 1.54%** 1.75%* 11.88*** | 1.2
(0.05) (0.05) (0.14) (0.11) (1.69) 0.04
Rat_low 0.97 1.26%** 1.47%%* 1.24%** 0.88* 0.82
(0.05) (0.11) (0.09) (0.04) (0.06) 0.01
High Vol 11.99%** | 1.64*** 8.00%** 1.38%** 0.28*** 7.41
(0.90) (0.22) (0.83) (0.09) (0.04) 0.21
Urban 21.63** | 27.00** | 35.69*** | 66.95*** | 3.75** 49.8
(2.58) (6.45) (7.53) (12.06) (2.40) 5.09
ZipdistxPOST 1.13%** 1.04%** 1.01* 1.05%** 0.97** 0.99
(0.01) (0.01) (0.01) (0.01) (0.01) 0
FPxPOST 1.67%** 3.25%** 1.32%** 2.42%%* 3.45%** 1.44
(0.15) (0.52) (0.12) (0.22) (0.64) 0.07
PublicxPOST 0.32%** 0.80** 0.38*** 1.28%** 1.49%** 0.84
(0.02) (0.08) (0.03) (0.09) (0.23) 0.03
TeachingxPOST | 0.45*** 0.26*** 4,39%** 1.48%** 1.41* 1.46
(0.04) (0.05) (0.36) (0.13) (0.23) 0.07
largebedxPOST | 1.61*** 0.64*** 0.94 1.39%** 0.04*** 0.68
(0.18) (0.09) (0.15) (0.14) (0.01) 0.04
NICUxPOST 2.09%** 2.59%** 0.83* 0.76%** 0.21%** 0.9
(0.22) (0.50) (0.08) (0.07) (0.04) 0.05
Rat lowxPOST | 0.71** 0.96 0.84*** 0.81%** 0.82* 0.95
(0.04) (0.09) (0.06) (0.05) (0.09) 0.03
High VolxPOST | 0.29*** 1.29* 0.37%** 0.94 7.26%** 0.43
(0.02) (0.19) (0.04) (0.10) (1.69) 0.02
UrbanxPOST 0.96 0.74 0.36*** 0.17%** 1.06 0.35
(0.15) (0.19) (0.09) (0.04) (1.28) 0.05
Observations 252390 222580 128782 113298 108934 356995
LR-chi2 49868.53 | 78411.78 | 23733.43 | 23585.8 39459.96 | 63873.58
Prob>chi2 0 0 0 0 0 0
Psuedo R2 0.38 0.64 0.37 0.43 0.63 0.35

After the coverage expansions, their access todspitals was greatly improved,
while dependence on safety-net hospitals decredaseslindicates that the policy

effect on patient reallocation is different betweeaternity patients admitted through
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an emergency room and those admitted with a réféneafinding that ER admissions
are more likely to give birth at FP hospitals, whreferred low-income mothers still
had difficulty in accessing, implies that FP hoajsithad no choice but to provide care

for those who showed up at their emergency rooms.

Other Discussions

The conditional logit model, focusing on the effethospital attributes on
patient choice, is based on the strong assumpticim that the probability ratio of
patients choosing between two hospitals does nudrdkeon the availability or
attributes of other hospital options, i.e., th@eterms are independent across
alternatives. This restrictive assumption, calledkependence from irrelevant
alternatives (llA), raises some concerns becausegittation of the 11A could produce
inconsistent estimates (Tai, 2004). There areratare discrete choice models, such
as nested logit, multinomial probit and mixed lagdels, that partially or fully relax
the IIA assumptioff. However, the task of relaxing the IIA assump@meompanies
significant time and computational costs, while tgults of the conditional logit
model and other models with the relaxed IIA assuongbroduced qualitatively
similar results (Christiadi and Cushing, 2007).ceimy goal was to examine patients’
average preference on hospital attributes, notddigt the substitution patterns
among hospital options, the conditional logit moaelld suffice to address my

question®’.

“3 Borah (2006) and Pope (2007) used the mixed-togilel to investigate hospital choice decisions in
India and for American Medicare patients, respetyiv

“ Moreover, | applied the conditional logit modelthe various patient subgroups as an attempt ® tak
into account taste variations among patients, whitted logit or multinomial probit models aim to
capture. This further breakdown of my sample acpagent characteristics (income, coverage type,
and risk-level) would minimize the potential bidsdin, 2003).
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Conclusion

The original goal of the Medicaid program was tove low-income people
with health insurance coverage so that they woatde at a disadvantage in
receiving necessary medical services due to imahdipay. Past studies have
provided ample evidence that the expansion of thdit&id program increased
utilization of medical services and thereby impmbvealth outcomes for low-income
individuals. However, this paper shows that thegeroved health outcomes could
actually have been the product of not only incrdasess to care but also
accessibility to higher quality providers. If inased access to high-quality care is as
important a factor in improved health outcomesasaiased quantity of care received,
without considering this quality channel, previsiisdies may not have fully
understood the mechanisms for improved health outsoas a result of the Medicaid
expansion policy.

In this paper, | show that types of hospitals zéil by maternity patients differ
by zip code income level, coverage type, and sgvefiillness. Traditionally,
uninsured low-income patients have relied on safietyhospitals such as major
teaching or public hospitals. However, increasdalipunsurance coverage makes
those who were previously uninsured but obtainedib#d coverage more profitable
and thereby can steer them toward higher qualispitals. Without patient income
information, | study how Medicaid expansions recdiied maternity patients from
low-income zip codes across hospitals. Overallfimgings confirm that those from
low-income zip codes, who were more likely to obtiiedicaid coverage after the
expansion policy, had a higher probability of begugded to better hospitals after the
expansions. In Florida, the two eligibility expamss in 1989 and 1992 increased
access to higher quality hospitals to differeneaid. While the 1989 expansion

reallocated those from low-income zip codes totgaiet hospitals, hospitals with
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NICU, and those with low complication rates, th®2@&xpansion sent them to non-
safety-net hospitals, i.e., private FP or NFP ha$piand those with better clinical
outcomes. The physician fee increase in 1992 se¢orsaidify the reallocation
effects, but was not entirely responsible for tthange in site of hospital care. Nor did
the high-risk status among maternity patients flomrincome zip codes lead them to
higher quality hospitals. At the national levek impacts of Medicaid expansion on
patient reallocation were similar to those of t889 expansion in Florida, but
somewhat smaller than the effects found in theitoanalysis. However, my findings
from the NIS consistently support my hypothesig thase from low-income zip
codes were more likely to receive care at highatityuhospitals such as institutions
with low postnatal complication rates. | also fihat the increased public insurance
coverage somewhat reduced racial disparities iasacto higher quality hospitals.

This paper suggests two future research directiéinst, there has been an
ongoing discussion concerning the measurementsyitad quality, dissemination of
quality information, and incentives for hospitaladjty improvement. More research
should be done with regard to how this increasttgnéion to quality improvement
can benefit the vulnerable, low-income populati®acond, in order to have a better
understanding of hospital admission and selectiongsses, more studies concerning
the role of physicians in patients’ choice of heaslgi as well as the dynamics between
hospitals and physicians, are necessary.

Nonetheless, my findings provide two important ifcgaions for policy
makers. First, this paper shows that expansioheoptiblic insurance program results
not only in increased access to care but alsodasacto better care, which may lead to
improved health outcomes. Therefore, policy makbmuld pay attention to the
quality of providers accessible to low-income induals, in addition to the increase in

public insurance coverage. Second, my findings esigipat higher payments to
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providers reinforce the reallocation effect towhsatter care. Therefore, increased
coverage combined with direct financial supponprtoviders such as increases in
hospital payments or physician fees may be moee®¥ke in providing a better health

care safety net for low-income people.
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CHAPTER 2

The Impact of Health Policy and Market Structure onHospital Indigent Care

[. Introduction

Nearly 46 million Americans, or 18 percent of trapplation under age 65, do not
have health insurance, among whom 64 percent im@eenies below 200 percent of
the federal poverty line (CPS, 2007). Although ptigsis provide some indigent care,
hospitals have been a primary source of care feuhinsured low-income
populatiort® (Hadley and Holahan, 2004). According to the mesent national study
(HCUP, 2009), uninsured hospitalizations have iaseel by 34 percent, from 1.7
million in 1997 to 2.2 million in 2008, and account for 4.8 and 5.7 percent,
respectively, of total hospitalizations. This irecseng trend in uninsured
hospitalizations implies that hospital indigentechas been in high demand.

At the same time, hospitals have experienced ceradde financial strain
since the 1990s due to low payments from both pgigad government payers (Figure
2.1). In the private sector, growth of managed caganizations has increased price
competition, making it difficult for hospitals teass-subsidize the uninsured and the
underinsured (Thorpet al, 2001; Weissman, 2003; McKay and Meng, 2007).
Meanwhile, low government reimbursements have lageerennial problem for
safety-net hospitals, i.e., those whose payer msists mainly of Medicaid and self-

pay. Hospitals’ financial distress deepened in 1®8&n the Balanced Budget Act

> Sixty three percent of indigent care is providgchbspitals, whereas physicians and clinics/direct
care programs provide about 20 percent of indigarg.

6 Over those ten years, privately insured hospititins did not change; the increase in Medicare
hospitalizations was much smaller, 17%, while Maitidhospitalizations increased the most, by 36%.
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[Figure 2.1] Hospital Financial Distress: 1980-2001

further reduced Medicare and Medicaid hospital payt® (Zuckermaet al, 2001;
Bazzoliet al, 2004).

Concern about increased demand for indigent chmegavith hospitals’
decreased ability to finance it, triggered impletaéion of several health policies that

aimed to ease the financial burden for both holspaiad indigent patients. For
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example, the federal and state governments havinamcial support programs—the
Disproportionate Share Hospital (DSH) program, fecti Medical Education (IME),
and uncompensated care pool—for indigent care geosj directly injecting extra
funds into hospitals that disproportionately sehepoor. At the same time,
expansions of public insurance coverage throughidaetiand other state-run
insurance programs are designed to lower the finhbarden of indigent patients,
which will ultimately reduce disparities in accésscare and in health outcomes.
Indirectly, however, this increased coverage may akenefit hospitals by decreasing
demand for indigent care, as well as offering spangments to them for treating low-
income patients.

The objective of this study is to examine hospitatevision of indigent care
in response to two U.S. health policies: expansadriie Medicaid program for
pregnant women and infants in 1992 and the BalaBcelget Act (BBA) in 1997.
The BBA, reducing government payments, increasehfiial pressure on hospitals,
thereby giving them a greater incentive to redieesupply of indigent care. The
impact of the Medicaid expansion is rather ambiguoecause coverage expansions
affect both the demand and supply sides of indigarg. On the demand side,
expanded coverage for pregnant women and infamegdrget group) is expected to
lower demand for indigent care, considering thatbirth has been the most common
reason for hospitalization for the uninsured (HCR®09). The equilibrium level of
indigent care, however, may fall because of pot¢effects on demand for and supply
of indigent care. On the demand side, if theraigd excess demand for indigent care,
increased coverage will reduce that excess denmasaihte degree, but may not
completely eliminate it (only a small reductionunmet indigent care). The other
possibility is that if non-maternity and non-infgratients (non-target group) increase

demand for indigent care, the total demand willshedtrease. On the supply side,
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despite low Medicaid hospital payments, revenuesigged from a larger number of
Medicaid mothers and infants may motivate hospttalgrovide more indigent care to
other low-income uninsured patients (income effedthospitals supplement the
decreased indigent care for the target group witheiased indigent care for those in
the non-target group, the expansion policy will netessarily reduce the observed
equilibrium amount of indigent care. Therefore, Wiee the expansion of Medicaid
coverage reduces the equilibrium level of hospitdigent care is an empirical
guestion.

In order to examine the impacts of these two pedi@n hospitals’ provision of
indigent care, | study a sample of 1739 hospitalry#servations for 1990-2000 from
168 different hospitals in Florida hospitals’ fiméal and discharge data sBt#s
shown in Table 2.1, | define hospital indigent caréhe following three ways:
uncompensated care costs in dollars, volume ofemdipatients, and amounts of
unprofitable services provided. First, uncompertsatee (UC) is the sum of charity
care and bad debt: both are unpaid care, but gleie is care for which hospitals
never expect to be reimbursed, while bad debtawdeen hospitals cannot obtain
reimbursement for care provided, as opposed to ithigal expectation of payment
(AHA, 2008). | examine charity care and UC as a@et of operating costs, as well as
their log values. Second, | examine number andgtam of indigent admissions.
Due to the data limitation, | define indigent patebased on payer source, and
examine admissions for uninsured (selfpay) patieditece not all uninsured patients

are indigent, | am aware of the possible biasadtreg from studying total uninsured

“"| choose to study the state of Florida due toomby the availability of the detailed data sets &isb
interesting features in its health care marketriiéoranks third in the nation in uninsured persons
20.2% of the state population (Census, 2005); deapducally, racial and ethnic minorities are over-
represented among the uninsured: Hispanics makd @86 of the uninsured, Blacks 19.5%; the
Florida hospital market includes a large numbeoofrofit hospitals (47%) compared to the average
hospital market in the nation (10%).
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[Table 2.1] Definition of Hospital Indigent Care

Hospital Indigent Definition
Care

Unbilled care that hospitals initially do not expezbe
Charity rgimbgrsed for. Hospitals report full charges oagirth
Care financial statements, but not true costs of pragdhe care
Uncomp Active willingness to provide indigent care or hiba|s’
ensated intention of providing indigent care. Ex-ante cqpice
Care Billed but unpaid care that hospitals initially eqgbto be
B reimbursed for, but fail to collect payments dug@atients’
ad Debt o o : ; L
unwillingness or inability to pay. No intention pfoviding
indigent care in the first place. Ex-post concept.
Admissions for | | use indigent, uninsured, and selfpay patients,
Indigent patients | interchangeably.
Provision of See Table 2.3.
Unprofitable
Services

patients instead of just the indigent segment aisured patients. | will discuss this
issue in Section V. Admissions for uninsured pasieme broken down into non-
emergency vs. emergency patients, and for the sisady the Medicaid expansion,
into the target group (maternity and infant pasg¢ns. the non-target group. Last, |
classify hospital services as profitable and uritable services based on Horwitz
(2005) and consider provision of unprofitable seegi(such as emergency room and
clinic services) as indigent care.

While studying the policy impacts on hospital inelg care, | particularly
focus on two factors that could generate heteragenpolicy impacts: hospital
ownership type and level of concentration of indigeare burden among hospitals
within markets. First, | divide hospitals into tergroups by ownership status: private
for-profit (FP), private not-for-profit (NFP), armmlblic. The general consensus is that
FP hospitals, as profit maximizers, have the lgmsintive to provide indigent care,

while public or NFP hospitals are major indigentecproviders by mission, or due to
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the requirement to provide community benefits infange for tax exemptioffs
Since hospitals’ objective functions and constsadiffer by ownership type, demand
or supply shocks such as Medicaid expansions dBB¥e are expected to have a
heterogeneous impact on provision of indigent earess hospitals with different
ownership types. For example, FP hospitals, corcewith profits, may be more
responsive to financial incentive changes than NFpublic hospitals. On the other
hand, FP hospitals may not need to be as respopsoaise these types of policies
are likely to have a larger impact on hospital$wiitgh indigent care burdens in the
first place, which would not be the case for FPpliitass.

In addition to ownership types, the extent to whdspitals are able to adjust
their provision of indigent care may vary acrosskats, or more precisely, according
to markets’ levels of concentration of indigentechurden across hospitals. Therefore,
| compare hospitals’ supply of indigent care actbsse types of markets: markets
with a single hospital; markets with multiple hdsjs of which very few
disproportionately serve the indigent; markets withitiple hospitals among which
the indigent care burden is equally spread outniamkets with multiple hospitals, |
measure the concentration level based on distobwdf hospitals and indigent
patients. If a large public hospital serves a gneaber of indigent patients because it
is located in an area in which indigent patiengslargely populated (e.g. Jackson
Memorial Hospital in Miami-Dade County), | do nairsider this market highly
concentrated. However, if indigent patients haveéke a long trip to a public
hospital because nearby hospitals do not welcoera,tkthis public hospital

disproportionately serves the poor, and its magkebnsidered highly concentrated.

8 As an exception to this, Norton and Staiger (198wwed that there is no difference in the provisio
of charity care across hospital ownership typesr avntrolling endogeneity of ownership type and
services provided.
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Hospital payment cuts such as the BBA are majoplsughocks that would
give hospitals a greater incentive to reduce inaigare, but probably to different
extents across markets. If hospitals are operasngple providers in markets, it may
be difficult for them to reduce indigent care ttaage extent, because there is no
alternative institution that could provide indigeatre in their markets. If there are
alternative providers in markets, hospitals may enlakger adjustments to indigent
care, hoping that other hospitals will meet thegadt care needs of their
communities. In particular, hospitals operatingnarkets where every hospital shares
indigent care burden may be able to reduce indiga® to greater extents than those
operating in markets where only a few hospitalpmigortionately serve the poor.
Because indigent care has a public good propeitsh@sonet al, 2000; Sloan, 2002),
| conjecture that hospitals will minimize the preian of indigent care if they can, and
prefer to free-ride instead of acting as majorgedit care providers. Whether and to
what extent hospitals can free-ride depends orr tibepitals’ supply of indigent care.
Here, | use the level of concentration of indigesite burden among hospitals as a
measure for how easily hospitals can make adjugsnenndigent care or free-ride in
terms of indigent care contributions to communitlesompare the supply of indigent
care after the policy changes, not only acrossitedspwnership types but also
between markets in which distribution of indigeatecburden is different.

Estimating difference-in-difference and triple difénce type regression
models, | find that policy impacts did differ acsomwnership status, but do not find a
consistent pattern for the relationship betweemtheket conditions and hospitals’
provision of indigent care. For the Medicaid expangsincreased coverage lowered
provision of charity care, regardless of ownersiige or market structure, with the
decrease larger at public and NFP hospitals. Theypmpact on overall volume of

uninsured patients was small and statisticallygm$icant. However, the composition
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of uninsured admissions between the target andarget groups appeared to change:
public and NFP hospitals seemed to supplement deeireased indigent care for
maternity and infant patients with increased carenbn-maternity indigent patients
who did not have emergency conditions; howeverhés$pitals decreased their
uninsured admissions after the expansion unlegswhee sole providers within
markets. | also find that the coverage expansiahagated provision of maternity and
infant care services across hospitals: public aRB Nospitals acting as sole providers
or operating in markets with low concentrationsnofigent care burden increased
NICU days after the expansion; in contrast, in regkvith high concentrations of
indigent care burden, FP hospitals increased ss\associated with maternity and
pediatric patients, the target groups of the expans

For the BBA, hospitals reduced indigent care by itdrg fewer uninsured
and Medicaid admissions, while amounts of uncomgexascare did not change.
Policy impacts were large at safety-net hospitalsh as public and NFP hospitals,
which were hit hard by the BBA. Although FP hoslsitaith the least detrimental
effects after the BBA made little adjustment toigeht care, they increased provision
of profitable services and decreased provisiomgirofitable services. After both
policy changes, public hospitals remained majoigext care providers.

The structure of this paper is as follows. Secti@mummarizes the background
of the BBA and the Medicaid expansion. Sectiorptbvides the conceptual
framework: the supply side of indigent care, thended side of indigent care, three
measures for hospital indigent care, and the medesumarket level concentration of
indigent care burden. | introduce data and empisgtategies in Section V, discuss
the empirical results in Section VI, and condudtustness checks in Section VII.

Section VIII concludes this paper.
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Il. Background of Health Policy

The Balanced Budget Act of 1997

The BBA was widely considered a broad, fundamesttahge in the whole
reimbursement system of health care providers.BBw reduced hospital
reimbursements for Medicare patients, set MediB&tH spending limits, refined the
physician payment system to more accurately refiesttice expenses, and expanded
the Prospective Payment System to outpatient baree health agencies,
rehabilitation hospitals, as well as skilled nugsiacilities. Through the reductions of
annual inflation updates, Medicare DSH paymentd,direct/indirect graduate
medical educational payments, Medicare hospitamaes were expected to decrease
by $72 billion for 1998-2002 and $119 billion fd®98-2004 (AHA, 2001). With the
BBA effective on the first day of 1998, howevergar than anticipated reductions in
hospital Medicare revenues convinced the U.S. Gaasgio enact the Balanced Budget
Refinement Act (BBRA) in 1999 and Benefits Improwarhand Protection Act
(BIPA) in 2000. These two provisions relaxed orageeld some of the original
reductions ($8.4 billion under the BBRA and $11ilsdmn under the BIPA),
lengthened the transition period for reductionbMi adjustments, and limited DSH
reductions (AHA, 2001). However, the BBRA and BlRR&re considered to be small,
temporary relief from the BBA.

The size of the financial shock was measured wBIBA-simulator (Volpp et
al, 2005; Seshamaat al, 2006; Tamarat al, 2005) or Financial Pressure Index
(Bazzoliet al, 2004; Lindroottet al, 2006). The BBA-simulator, constructed by the
American Hospital Association (AHA) based on hoslpitata from Medicare Cost
Reports, estimated Medicare revenues under infldtiopost-BBA periods, had the

BBA not been implemented. The difference betweesdlestimated and actual
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revenues indicates the magnitude of the policy chpa hospitals. Table 2.2 presents
the simulated results (Seshamanal, 2006): the BBRA and BIPA, the two follow-up
policies after the BBA, did not change the sizéhaffinancial impact at all, except in
2001, while the magnitude of net impact stayedsdrae after 2000. This indicates
that the BBA was the main driving force that in@egé hospitals’ financial distress in
the late 1990s, and that most of the policy impeat absorbed in the short run (1998-
2000), during the first three years after the enact of the BBA. Although this AHA
simulator would conveniently extract exogenous@poimpacts, without access to the
AHA resources, | turn to an alternative measure Rimancial Pressure Index (FPI).
The FPI also aims to capture potential lossedated to the BBA, using hospitals’
pre- and post-BBA financial information. The Mede&PI for hospital h is

constructed in the following way:

McareFP} g5 = [(per_McareCosto7— per_McarePreygg*xMcare_AdjAdmy, o/ TE 1 97

whereper_McareCosts hospital h’'s Medicare costs per adjusted adonss 1997,
per_McareRevs total Medicare revenues per adjusted Medicdnaission in 1998;
Mcare_AdjAdms an estimate of Medicare adjusted admissiod98Y;TE is total
hospital expenses in 1997. The adjusted admissiccmunt for both inpatient and
outpatient care. The numerator means potentiat$ogiributed to the BBA under the
assumption that the trend for cost and revenuetsireiwould have continued had the
BBA not been implemented. Similarly, | constructditaid FPI, replacing Medicare
costs, revenues, and admissions with respectivesdbr Medicaid. These FPI
measures are assigned to each hospital, and thesvdb not vary over time within

hospitals.
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[Table 2.2] Relative Changes in DRG Payments for 8 Community Hospitals

under BBA, BBRA, and BIPA Using a Baseline of FY 197

FY 1997 | FY 1998 | FY 1999 FY 2000 FY 2001
Inflation Alone 1.000 1.027 1.052 1.083 1.114
BBA 1.000 0.999 0.995 1.007 1.024
BBA+BBRA 1.000 0.999 0.995 1.007 1.036
BBA+BBRA+BIPA 1.000 0.999 0.995 1.007 1.038
Net Impact
(BBA+BBRA+BIPA- 0 -0.028 -0.057 -0.076 -0.076
inflation)

Source: Table 1 in Seshamaial (2006)
Note: DRG, diagnosis-related groups; BBA, BalanBedget Act; BBRA, Balanced Budget
Refinement Act; BIPA, Benefits and Improvement Botibn Act.

Medicaid Expansions in 1992

Medicaid is an entitlement program under Title XiKthe Social Security Act,
jointly funded by the state and federal governmeBisce its establishment in 1965,
the Medicaid program has been a major source dttheaurance for low-income
individuals who otherwise would not be able to effprivate health insurance. States
have broad discretion to decide eligibility, scapservices and provider
reimbursements. Before 1984, Medicaid eligibilitgsaclosely tied to the Aid for
Families to Dependent Children (AFDC) program, st bnly indigent, single
mothers were eligible for Medicaid, and its incooumoffs were fairly low (Currie and
Gruber, 1997). After states were allowed to deMedicaid eligibility from the cash
welfare assistance program in 1986, Congress redjait states to cover pregnant
women and children under age six with incomes &ietow 133% of the federal
poverty line (FPL) by 1990, with the option to coup to 185% of the FPL. In
Florida, there were several eligibility expansiémspregnant women and children
from the late 1980s to the early 1990s. In thisgpapstudy the 1992 expansion, in
which the income threshold increased from 150 & dé&cent of the FPL for low-

income expectant mothers as well as infants ungiedaFigure 2.2 shows the trend of
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Medicaid Enrollment Growth in Florida
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[Figure 2.2] Medicaid Enroliment Growth in Florida (1984-2008)

Medicaid enrollment growth in Florida over time:tlwa sharp increase in enroliment

between 1991 and 1993.

lll. Conceptual Framework

A. Supply of Hospital Indigent Care

Motives for Provision of Indigent Care

Provision of indigent care is an unprofitable besmin which hospitals
generate very little revenues or even incur loddesvever, hospitals provide indigent
care for several reasons. First of all, the Emergénedical Treatment and Active

Labor Act (EMTALA) of 1986 prohibited hospitals frodumping patients with
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emergency medical conditions (GAO, 2001). This \aswally calls upon every
hospital to provide some amount of indigent carsi@es this emergency care offered
to indigent patients, some hospitals have obligatio provide more indigent care,
while other hospitals voluntarily provide it, buitoof different motivations. The three
ownership types define hospitals’ objective funesi@nd constraints differently
(Frank and Salkever, 1991; Norton and Staiger, 1B84#ks et al, 1997; Gaskin,
1997; Weissman et al, 2003; Rosko, 2004; GAO, 20f%] thus create different
incentives to supply indigent care. Public hospitalhich receive government
funding, are obliged to provide indigent care bgsmon, while NFP hospitals are
required to provide community benefits in exchafuygax benefits. Although
community benefit§ include indigent care, their magnitude and catiegare not
clearly specified. Therefore, there is room for N¥pitals to fulfill their obligations
by taking on other, possibly less costly, actigtisuch as educational and outreach
programs, instead of providing indigent care.

Duggan (2000) presents three theoretical modelsdspital organization,
from which we can infer hospital behavior in respoto changes in financial
incentives. His first model is based on the assionghat all hospitals, regardless of
ownership type, prefer maximizing profits, but dint constraints in appropriating
profits make them behave differently. For examfaeprofit and not-for-profit
entities face a different level of easiness ofritisting profits to owners: FP hospitals
can distribute their profits to owners, while NARIgublic hospitals cannot. With the
value of profits larger for FP hospitals, FP haassitare expected to be more
responsive to incentive changes, while NFP hospitely want to increase

perquisites. Duggan’s second model assumes thaprodib entities have different

9 Community benefits can range from uncompensates téedicaid and Medicare losses, health
clinics, as well as other community activities sashhealth fairs, screening events, educational and
outreach programs (health professional educatésigiency program, support group, and children’s
literacy promotion), and so on.
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preferences—they are more altruistic. Thereforegaponse to any incentive changes,
NFP and public hospitals are more likely to be ewned about the well-being of
indigent patients than FP hospitals. The third rhazleased on the soft budget
constraints of the public entities. Since publigfitals can smooth out financial
fluctuations through government subsidies, posibivaegative financial shocks may
not have a large impact on th&n

Duggan’s three models offer concrete explanatidriseomotivation for
providing indigent care by NFP and public hospitalsruism and soft budget
constraint). However, his models do not explaintwhativates FP hospitals to supply
indigent care. Hirth (1997) and Banéssal (1997) provided theoretical frameworks
that may explain FP hospitals’ provision of indigeare. Hirth (1997) pointed out that
FP and NFP hospitals compete in terms of quahiyluding charity care, and this
rivalry can lead FP hospitals to provide indigesutec Bank®t al (1997) suggested
that FP hospitals view supply of indigent care ag pf business costs in the future
profit maximizing process, and provide some amaditbommunity benefits in order
to avoid the penalty of losing business in theritdn the same context, one can
apply the conception of NFP hospitals’ strategilsésor in Frank and Salkever
(1991) to FP hospitals’ supply of indigent careother words, FP hospitals provide
indigent care to communities in order to build goegutations as caring neighbors,
which they hope will increase their future profgpmrtunities. As for NFP hospitals,
which make up of the majority of the U.S. hospitalrket, there are more theoretical
and empirical studies that have tried to providéer explanations of what they
maximize and why they provide indigent care (SI&90): Chang and Jacobson

(2008) showed that NFP hospitals behave as a [s#emaximizer, while Duggan

%0 Business cycles, through government budgets, ffect subsidies for public entities. Here, | assume
that there is sufficient government funding thatldcsubsidize public hospitals.
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(2002) and Horwitz (2007) suggested that NFP halspéct like FP hopsitals if they

operate in markets where FP hospitals’ penetrasitngh.

Rationing of Indigent Care

So far, | have discussed the way in which hospitalsmership status creates
different objective functions (mission) and thusgmates different behaviors toward
indigent care. Since the scope of a hospital’sionsis limited by availability of
resources, | now discuss how hospitals’ constraifiet provision of indigent care.
Here, | conjecture that hospitals with budget sotgce constraints ration care based
on the following criteria: need for urgent medicdkrvention, patients’ ability to pay,
and types of services demanded. First, as discuissbd previous section, the
EMTALA rules ensured that care for those in needrgent medical interventions has
priority over any other care. Second, hospitaldi&ety to prioritize care to those with
reliable payer sources, preferably more profitailes, although the degree of this
rationing could vary greatly across ownership typestly, hospitals may prioritize
care based on types of services demanded. Thasinragi could be more significant
among indigent patients if hospitals set asiden#tddd amount of resources for
indigent care other than emergency care renderdgbtmdigent. The idea of
prioritizing services has not been formally addeesslthough some states seemed to
have practiced it (Sasse, 1990; Hadorn, 1991; Radrad, 1996): Sasse (1990)
discussed an effort in Alameda County in Califortaigorioritize its health care
system, while Hadorn (1991) and Rosner et al (1888)ied Oregon’s Medicaid
rationing plans. In 1993, the state of Oregon deapyery costly procedures, such as
bone marrow and organ transplants, from its Medibanefit packages in order to
expand Medicaid coverage to more low-income perdondoing so, the state ranked

17 categories of services in order of importandéeria for setting the priority are
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based on cost of treatment, probable improvemepaiient’s quality of life, and
expected duration of that improvement (Rosner,et336). According to Hadorn
(1991), maternity and pediatric care were amonddpdive services deemed
important: acute care (e.g., appendectomy or rgpapen wound on neck) topped
the list, but maternity and pediatric care, inchgldisorders of newborns and
preventive care for children (e.g., immunization aareening for vision or hearing
problems), came in second and fourth, respectively.

The Medicaid expansion moved some low-income pnegiwwamen and
infants from the uninsured to Medicaid group. I6pial indigent care had focused on
maternity and infant patients prior to the expanstbe increased coverage would
have lowered hospitals’ indigent care burden fa ¢gnoup of patients. As a result,
hospitals after the expansion may have turneddig@mt patients who demanded less
priority care, such as those with chronic condsion the analysis of the Medicaid
expansion, | will offer a formal test of whetherspdals did replace their maternity

and infant indigent patients with non-maternityecpatients above age one.

B. Demand for Hospital Indigent Care

In this section, | discuss the demand side of hakpidigent care, i.e., primary
causes of hospitalization among the uninsured.ifhportant to understand this
demand side for the following three reasons: fegpansions of public insurance
coverage for pregnant women will be a major foled tauses a shift in demand for
indigent care, because childbirth has been a pyiwause of hospitalization among
uninsured patients; second, types of hospital sesviiemanded by the indigent may
differ from those demanded by the general populatioird, demand for indigent care
may be more inelastic than its supply, which mahasthe demand side is likely to

determine the overall amount of indigent care.

96



According to Saywelét al (1989), pregnancy and childbirth accounted for the
largest proportion of uncompensated hospital catediana as of 1987, in terms of
both cases (19.1%) and expenditure (17.4%). Basd¢deomost recent years of the
Nationwide Inpatient Sample (NIS), researchers@UR (2009) also found that
maternity care still is the first reason for hoap#itay among the uninsured (11.2%) at
the national level. Using Florida hospital discleadata (1990-2000), | examine
numbers of uninsured patients (selfpay and no eé)angeach DRG code: Figure 2.3
presents the top ten causes of hospitalizationsigmoinsured patients in Florida for
1990 and 2000. I can confirm that throughout th@089 childbirth has been the
primary cause of hospitalization among the uningtralthough the share of
childbirth patients among uninsured hospitalizagidecreased from 17 percent in
1988 to below 10 percent in 2000 (Figure 2.4). Timiglies that the expansion of
Medicaid coverage for pregnant women in the eg®80% would have alleviated a
considerable amount of hospitals’ indigent caralbos. Although the large part of the
financial burden for indigent care is associatetth\maternity indigent patients, it
remains unambiguous whether coverage expansiooseadde total demand for
hospital indigent care: for example, there maylb&ags excess demand for indigent
care among the target group, so that even thougle 6 these uninsured patients gain
coverage and move to the Medicaid group, therelmeastill a significant number of

maternity and pediatric patients who would demanaligent care.

*1 Other leading causes of hospitalization amonaittiesured include digestive disorders (esophagitis,
gastroenteritis, gastro-intestinal hemorrhage)chsyes, poisoning, alcohol/drug abuse, cardiac
problems (chest pain, heart failure, heart shqokgumonia, and back problems.
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C. Measure for Hospital Indigent Care
Now, | discuss the concept and measure of hospdajent care, exploring the
following three aspects of hospital indigent canecompensated care costs in dollars,

volume of the indigent, and quantifies of unprdile&aservices provided.

Hospital Uncompensated Care

Uncompensated care is the sum of charity care addiebt, widely used in
existing literature (Bazolket al, 2006; Davidoffet al, 2000; Lo Sasset al, 2007;
Thorpeet al, 2001). Charity care isx-anteindigent care that hospitals offer with no
intention or expectation of payment from the begignwhile bad debt isex-post
indigent cardor which hospitals initially anticipated receivipgyments but end up
unpaid, due to patients’ unwillingness or inabititypay?. Ideally, | would like to
isolate unpaid care offered to low-income uninsyratients from uncompensated
care. Charity care, by definition, is such card,ldad debt can include any unpaid
care, irrespective of its payer source. Moreovespitals have broad discretion to
independently develop their own eligibility polisiéor charity car€ and determine
bad debt. This generates inconsistency in claasibic of these two items across
hospitals, but using the sum of charity care ardldebt alleviates these concerns.

Despite the popularity of the UC measure, this measan be misleadify
for instance, hospitals can report a large amofinhoompensated care, while treating
only a few, high-cost indigent patients. Moreowtranges in UC do not provide much

insight on how hospitals have altered the suppliyndigent care.

*2 For example, an unpaid portion of deductiblesspayments from the insured is bad debt, whereas
discounts to private payers or underpayments froedibhid/Medicare are not.

%3 Based on the conversation with a staff from thesfioan Hospital Association, some hospitals
classify a patient who could be a charity care e@ssiead debt if the patient is unconscious when
admitted.

¥ Each hospital has a different charging methodabdifferent mark-up rates make it difficult for
researchers to compare true costs of care betwasmitdls. In fact, Gruber and Rodriguez (2007)
showed that physician UC significantly decreasetifferently measured.
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Volume of the Indigent

Possibly, hospitals can manipulate the volume digent patients in order to
change amounts of indigent care. Here, indigenépist are defined as uninsured
patients, those who were recorded as “selfpayayep source. Ideally, | would like to
examine volume of uninsured low-income patients wéwonot pay medical bills (the
low-income segment of the uninsured who actuallypaied hospital indigent care),
rather than volume of all uninsured patients. \igients’ income information
unavailable in hospital discharge data, howevasel uninsured patients as a proxy for
the indigent, and thus overestimate the actualnelof indigent patients.

Although I acknowledge possible biases resultiogifusing the whole
uninsured population instead of its low-income sohg, this will be an attenuation
bias. Moreover, there is some evidence that thenihale of the bias may not be
large. One way to directly measure the size ofliias is to examine hospitals’
collections of medical bills for the uninsuredalf uninsured patients are
homogeneously indigent and thus cannot afford naédire, hospitals will collect
nothing from the uninsured. Based on a case stadgucted by University of Central
Florida in 2000, collection from self-pay patieataong those admitted to emergency
departments at Florida Hospital Orlando and Eakirdo was only 11.3 cents on the
dollar®. Lewin Group (2005) also provided evidence thaiiials recover only 14%
of uncompensated care costs.

The other way to indirectly prove that this biasdd too large is to show that
the majority of uninsured patients who use hosiaé actually belong to low-
income households, and thus cannot afford medaral ¢Jsing CPS March data of

2004, Lynk and Alcain (2008) studied distributidrfamily income among non-

* The uninsured were frequent visitors to the emergelepartment for non-emergency conditions, for
which 79% did not pay. On average, only $49 wakectdd among $1,431 charges from selfpay
patients: downloaded at http://flhosp.net/govpuliedfpubs/healthissues/healthbrf_edstudy.htm
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elderly uninsured individuals (18-64 year old asluih 2003. Their findings provide
evidence that the majority of uninsured personscdide from low-income
households: the uninsured population, on averagaged only half as much as the
annual income of the general populati$84,250 vs. $79,209 for a household of
three), and that their income distribution vex$remely right-skewed compared to that
of the insured (see Panel A in Figure 2.5). A latidn of this study is that it looked at
the income distribution of the nation’s uninsuregbplation as a whole, not restricting
its scope to uninsured patients who actually usesgpital care. Therefore, its results
may have over- or under- estimated the true incdisteibution of uninsured patients
who received care at hospitals.

Using the Medical Expenditure Panel Survey (MEP)0®3, | am able to
examine the income distribution of only those wherewuninsured and used hospital
care (inpatient, outpatient, or emergency ro8nPanel B in Figure 2.5 shows the
income distribution of uninsured and insured pasievho used hospital care to be
similar to that in Panel A. Those who actually ukedpital care in the MEPS
appeared to be poorer than the general populatitmei CPS, but the pattern of
income distribution among those who used hosp#ted tooks similar to that for the
whole uninsured population in the CPS. Based oMBEPS, | find that a very high
proportion of the uninsured population with hodpatasts (66.9%) reported income of
less than 200% of the FPL, the income range thgengrally considered to be eligible
for charity care, and 90% reported income of lass1 400% of the FPL. However,
only 37.8% of the insured reported to earn incoass than 200% of the FPL, and
67% earned income less than 400% of the FPL. Howéhis also means that a third

(31.1%) of the uninsured earned income more thasetthhe poverty level and would

% To be consistent with Lynk and Alcain (2008), $trict the sample to the non-elderly adult
population in the MEPS who received care at holspite2003 and distribution of income greater than
$250,000 is not shown.
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The Distribution of the Insured and Uninsured Nonelderly Population
By Family Income
2003
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Fig. 1 The distribution of the insured and uninsured nonelderly population by family income 2003.
Source: See Table 1. Note: Family income bracket size is $10.000: distribution = $250.000 not shown

A. The Non-Elderly Adult Population (18-64 year pid the CPS: Lynk and Alcain
(2008), Figure 1, p. 58.
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[Figure 2.5] The Distribution of the Uninsured andinsured Population in 2003
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not have qualified for charity care. With this pbss bias in mind, | separate
uninsured admissions into emergency and non-emeygeatients because hospitals,
abiding by the EMTALA regulations, have discretmrer admissions for only those
with non-emergency conditions.

In order to distinguish non-emergency conditirosn emergency conditions,
| use two approaches: first, | use admission typ@rmation (emergency, urgent, and
elective); second, | use principle diagnosis carfgwivately insured patients,
combined with admission source (physician refeHillO referral, emergency room,
etc). Admission type is determined based on howntiyg patients need to be
accommodated and receive medical interventfotéere, | group patients by their
DRG codes and calculate, for each DRG code, a pexge of patients who are
categorized as “emergency” by admission type.i#f prercentage is greater than 0.50
for 90% of the time during 1990-2000, | define tBdRG code as an emergency
condition. The rest of the DRG codes are definedosisemergency conditions.
Among the 503 DRG codes, 146 codes (29%) are adkfiseemergency conditions.
Examples of emergency conditions are heart at&tobke, pneumonia, acute
appendicitis, poisoning, burn care, head or negkigs, and transplants, while
examples of non-emergency conditions are childrdgji diabetes, benign tumors,
various types of cancer, mental disease, and mietaa immunity disorders.

The second approach follows the novel methodakahura (2007), which
restricted the sample to privately insured patiemiter age 65 and examined the first
three digits (DX3) of their principle diagnosis esdICD-9 code) along with

admission source information. In the Florida digsgeaecords of 1990-2000, | look at

> The admission type is recorded as “emergencyidf/trequire immediate medical intervention
because of severe, life-threatening, or potent@igbling medical conditions, “urgent” if patiehts
conditions are not life-threatening but need reabbnurgent medical intervention, and “electivethe
patient’s condition permits adequate time to scleethe availability of a suitable accommodation.
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how many of the privately insur&tin each DX3 were admitted through emergency
rooms in each year. | define a DX3 as an emergeagglition if more than 50 percent
of privately insured patients with that DX3 are attied to emergency rooms in all
years from 1990 to 2000; otherwise, DX3's are d&fias non-emergency conditions.
Note that | do not regard all emergency room admssas emergency conditions,
and use the principle diagnosis code informatidmctvdenotes the condition that is
chiefly responsible for the admission. Due to & lafca regular source of care, the
uninsured are more likely to be admitted througleancy departments, no matter
how urgent their actual need for medical attentassuch, studying diagnosis codes
of privately insured patients, combined with whetthey were admitted through the
emergency room, gives a better idea of severitlrafss for each disease type.

By this second approach, | categorize 150 DX34P8&8s emergency
conditions and 383 (72%) as non-emergency conditibhe assignment of principle
diagnosis codes may differ across hospitals or vaey time. However, the first three
digits define a general category of the diseaseysanlikely to vary across hospitals
or over time. Moreover, DX3 categorization is nensitive to upcoding practices
because hospitals’ manipulation, if any, occurredhanging the fourth and fifth
digits of the ICD-9 codes (Silverman and Skinn@)4), or by adding secondary
diagnoses (Dafny, 2005).

Finally, | compare these two approaches. For rtttae 90% of patients, the
classification into emergency vs. non-emergencyitimms by the first approach is
matched with that by the second approach. In thgep | choose the first approach to

distinguish between emergency and non-emergenayitcams.

%8 Transferred patients and those with unknown adatissources are dropped. The DX3's assigned to
less than ten patients in a year, as well as thg’®at were dropped or newly introduced during
1990-2000, are excluded.
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Provision of Profitable vs. Unprofitable Services

In the longer term, hospitals can change typegwfices provided as a means
of manipulating indigent caseload. They may cukl@celiminate unprofitable
services, while increasing or opening profitablevees. | identify unprofitable and
profitable services based on the classificatioddmwitz (2005). Horwit2° (2005)
categorized hospital services into three groupatively profitable, relatively
unprofitable, and variably profitable services. Argdhe total of 17 profitable and 10
unprofitable servicé§ listed in Horwitz (2005), the Florida hospital datets include
information for 10 profitable and 5 unprofitablengees. Adding (free-standing) clinic
visits to the list of unprofitable services, | ableto examine the provision of 10
profitable services and 6 unprofitable servicesnigrFlorida hospital sample. Table
2.3 presents the classifications in Horwitz (20@88, list of services available in the
Florida data sets, and units of services meas@mditable services include cardiac
care (angioplasty, cardiac catheterization, anchépart surgery), orthopedic
services, Extracorporeal Shock-Wave (ESW) Litheg¢ripdiagnostic tests (Magnetic
Resonance Imaging (MRI), Computed Tomography saai@ig), and radioisotope
facility), and some intensive care (neonatal ardigigc intensive care). Unprofitable
services include burn care, emergency room vigés, standing clinic services,
psychiatric care, substance abuse (alcohol andsittepatment, and labor/delivery
procedures. These are total amounts of servicelered to patients regardless of their

payer source.

% Their classifications were based on various sauficen academic literature (peer-reviewed medical,
business, finance, statistics, sociology, and puimiicy literatures) to policy reports (Medicare
Payment Advisory Commission and Prospective Paymies¢ssment Commission reports to
Congress), press articles (trade publicationsnessi magazines, and newspaper reports), and
interviews with relevant experts (hospital admimigirs and doctors). Although she did not take a
systematic approach, Horwitz (2005) noted thatehesious methods of characterizing services
%/ielded remarkably consistent results, and provialeetailed research note

% Horwitz (2005) listed 14 unprofitable servicesHrhibit 1 (p. 792), out of which two are outpatient
services (AIDS and Alcohol/drugs). With the remamil2 unprofitable inpatient services, | combine
AIDS unit and AIDS services into one service, abdtetric (beds) and obstetric (birth) into another.
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[Table 2.3] Profitable vs. Non-Profitable Services

Services E%ﬁ:gﬁg 'Ai‘r\]/a,‘:”f%'gg Notes (Units)
AIDS services/units NO -
Alcohol beds NO | Available SUbSt‘z‘I?];ztiAe?]‘fga@g;‘te Care
Angioplasty YES Available Coronary Care Unit (Days)
Birthing room YES -
Burn Treatment NO Available Burn Intensive Caretbiays)
Cardiac Catheterization Lab YES Available Cardlac(FC): r%tggéi?é;‘tlon Lab
g((:)g:ﬂétred tomography (CT) YES Available CT (Procedure)
Child Psychiatric Services NO -
Diagnostic Radioisotope Facility YES Available Raldgy/Diagnostic (Procedure
Emergency Services: 24-
Emergency Room NO Availablg hour/Inhouse M.D.+ 24-hour/M.D
on-call (Visits)
Clinic Services (incl. Free Standing : Clinic Services + Free Standing
Clinic) NO Available Clinic Services (Visits)
Ei)t(;]roat(;i(::)rtré(r)real Shock-Wave (ESW YES Available ESW (Procedures)
Fitness center YES -
HIV test NO -
Magnetic resonance imaging (MRI YES Available MRYocedures)
Neonatal Intensive Care YES Available Neonatal I(nézr;ssi)ve Care Unit
Obstetrics (beds or births) NO Available Labor a(rlétjrol?:zlé\aerreﬁ)s ervices
Open Heart Surgery YES Available Open Heart Sur@gaiputes)
Orthopedic Surgery YES Available Number of Staf($dns)
Pediatric Intensive Care Unit YES Available Pediatric Intelg;i)\llse) Care (Inpatier
Positron Emission Tomography YES -
Psychiatric NO Available Psychiatric Acute Care yBa
Psychiatric Emergency Services NO -
Single Photon Emission CT YES -
Sports Medicine YES -
Trauma Center NO -
Ultrasound YES -
Women's center YES -
Number of Profitable Services/Total 17/29 10/16

Source: Horwitz (2005)
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D. Concentration of Indigent Care Burden among Hosjpals across Markets

Market Concentration

A large volume of health care literature has stidiarket concentration or
competition, particularly related to the introdectiand growth of managed care
organizations in the 1990s (Shetmal, 2008; Dranovet al, 2008). This increased
market competition put pressure on hospitals tacegrices and costs, as well as
make adjustments in types of services providednsity or quality of care, and
supply of indigent care. In extreme cases, highakat competition forced some
hospitals to convert, merge or close, which consetiy changed the landscape of the
whole hospital market.

In order to test my hypothesis regarding the l@feharket concentration of
indigent care burden, | need to isolate market eotration for indigent patients and
determine, for each market, whether or not thegieali care burden is highly
concentrated across hospitals. In doing so, | caimsg hospital markets into three
groups according to number of hospitals, as wethaslegree of indigent care
concentration across hospitals if the market cemsismultiple hospitals. The three
types of hospital markets are as follows: markets & single hospital, markets with
multiple hospitals among which the indigent caredea is equally spread out (low
concentration of indigent care burden), and mankgts multiple hospitals among
which only a few hospitals disproportionately setive indigent (high concentration of
indigent care burden). For markets with multiplspitals, to what extent the indigent
care burden is highly concentrated is determinethbymedian value of Herfindahl-

Hirschman Index (HHI) for indigent patients.
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The HHI is the most commonly used index for madatcentration in the
economics literature. In general, the BH$ calculated by the sum of squared shares
of beds, admissions, or discharges in the mark#ioAgh hospitals compete for
patients, my conjecture is that they would compety for paying patients, not for
uninsured, indigent patients. Therefore, | decorafbe traditional market
concentration measure (HHI) into two parts: conemn of paying patients and
concentration of indigent care burden. The formearalculated by summing the
squared market shares of hospital admissions fongaatients—privately insured,
Medicare, Medicaid, and other payer sponsored mstiewhile the latter, the variable

of my interest, is measured as explained below.

Measure for Concentration of Indigent Care Burdenoss Hospitals

In order to measure market concentration of indigane burden, | first define
hospital market based on countfesneasure individual hospitals’ indigent care
burden, and create a market level index for thellef’concentration of indigent care
burden. The simplest method to measure market atrati®n is to construct a
traditional HHI associated with uninsured patients, the sum of hospitals’ squared
shares of uninsured admissions in a given courgye H consider patients’ types of
illness and dispersion of the indigent within coest A patient’'s choice of hospital,
regardless of her payer source, depends on whisidéospital provides services that
she need, and whether the hospital is close toesetence. For example, the indigent
with cardiac problems may choose hospital B ovéeause hospital A does not
provide cardiac care, or simply because hospital &@oser than A if both provide

cardiac care.

®1 The HHI can have a value from 1/n (n=the numberasipitals in the market) to 1. Higher HHI
values mean higher market concentration, i.e., tongrket competition.

%2“The Florida state statute delegates responsiféit caring for the uninsured to the counties, and
consequently it is flexible regarding how coungeavide this care.(Jackson and Beatty, 2003)
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In order to take into account these two factolsebk down uninsured patients
by DRG group and zip code, using Florida discha@e sets. Patients are grouped
into one of the eleven DRG groups: pediatrics, mate transplant, tumor (benign
and malign), cardiac care, burn and trauma, ortthepepsychiatrics, HIV, other
medical care, and other surgical care. For hospitalcounty c, | calculate a share of
uninsured patients in disease group d from zip eolde all disease groups and all zip
codes that the hospital serves within the counthcela hospital-level concentration
measure is created by summing the squared shaegeshevdisease groups and zip
codes, | add this hospital-level measure for adigials in county c, which creates the
concentration measure at the market level.

For example, let’'s suppose that Hospital A serv@drd 10 uninsured patients
who were hospitalized for cardiac care and residemip code 32008 and 32009,
respectively. If zip code 32008 had a total of Bthgured patients with cardiac
diseases and zip code 32009 had 100 uninsuredacaatients, Hospital A’s share of
indigent patients with cardiac disease is 20/504@x.4ip code 32008 and 10/100=0.1
for zip code 32009. Their squared values are Ontii0201, respectively, which sum
up to 0.17 for the hospital’s HHI for indigent patts with cardiac diseases. | repeat
the same exercise for all other disease groupsggegate the obtained HHI values
in each disease group to create the hospital ldeélfor indigent patients. If the
county in which this hospital is located contamse bther hospitals whose HHI values
are 0.13 and 0.20, respectively, the market lew#l id the sum of these three
hospitals’ HHI values: 0.17+0.13+0.20=0.50.

For this HHI measure, there may be endogeneityarosc Since the market
level HHI is a function of hospitals’ actual admdsss, this concentration measure and
individual hospitals’ provision of indigent careeagimultaneously determined.

Moreover, some unobserved factors such as hospigdity may affect both the

109



market concentration level and hospitals’ supplyndfgent care. For example,
hospitals of certain types which attract a largenber of privately insured patients
(such as high-quality hospitals or FP hospitalsy imaless able or willing to supply
indigent care, given limited bed capacities (tlogiportunity costs of treating the
indigent are much higher than those of low-quadityjon-FP hospitals). In such cases,
other hospitals without those attributes would htaveerve a disproportionately large
number of indigent patients, which would resulinaquitable distribution of indigent
care burdens across hospitals. In other wordsjtgwalownership mix within markets
may be correlated with a hospital’s provision afigent care and the distribution of
the indigent care burden within markets.

There are two approaches to address this endoggmelilem. The first is to
construct the HHI based on years prior to any patltanges and use this baseline
level for the entire hospital sample. The secormt@gch is to instrument actual
admissions with expected patient flow (Kessler Blulellan, 2000; Gorinsakaran
and Town, 2003; Dranowet al,2008) and construct the HHI based on predicted
numbers of indigent admissions. Here, | selecst#wnd approach in which |
estimate hospital choice models for the uninsunesbich year and in each disease
group (11 yearsx11 disease groups). All patienteersame disease group are
expected to have the same set of hospital optfdhsy reside in the same zip codes.
Hospitals are dropped if they are more than 75svaleay from patients’ home. | use
zip code level grouped logit models in which dis&ato hospital, an indicator for
whether a hospital is within 10 miles, and patienis code median income levels (in
log form) are included. Then | obtain the prediateanber of uninsured admissions
for each hospital: this number is calculated byregating the predicted probabilities
of an uninsured patient being admitted to the hakgtinally, | use these expected

numbers of uninsured admissions to calculate theextration level for the indigent.
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V. Literature Review

In this section, | review empirical literature reld to hospital indigent care. |
categorize previous literature into three grouggethding on which health policy or
market structure they studied: expansions of pub$iarance coverage, changes in
government hospital payments, and changes in athétet conditions. Davidoff et al
(2000) and Lo Sasso and Seamster (2007) are twi@stthat comprehensively
analyzed the impact of the federal and state gslion hospital indigent care.
Davidoff et al (2000) examined hospital UC during 1990-1995 spoase to the
following changes: Medicaid coverage expansionggissed generosity of Medicaid
payments, and increased Medicaid HMOs. Their figslisuggest that FP and public
hospitals lowered UC after Medicaid expansionsevNiFP hospitals reduced UC in
response to higher Medicaid HMO rates. Most regehth Sasso and Seamster (2007)
extended the study of Davidoff et al (2000) by intthg additional years of data
(1996-2000) and more policy variables: SCHIP exmmshe Medicaid DSH
program, and government subsidies through tax gpjateons. They found a large
positive relationship between government subsiaieshospital UC, but little or no
impact of other Medicaid related policies. Althougleir findings indicated that
hospitals are most responsive to financial incentivanges than any other Medicaid
policies, they did not consider the BBA policy, fiveancial pressure that should have
influenced hospitals’ indigent care decision in fdie 1990s. Nor did they take into
account the effect of other hospitals’ provisionmafigent care.

The findings in these two studies are useful btitveoy informative, because
changes in overall UC do not explain through whidthanisms hospitals changed
their provision of indigent care. For example, eases in UC may not reflect

hospitals willingness to increase indigent caré rather capture reduced efforts in
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collecting bad debts. Here, in addition to UC, &exne admission patterns as well as
type of services provided in order to explore haspitals changed their provision of
indigent care in the 1990s. Below, | summarizefitn@ings of past studies about
hospital indigent care related to coverage expassitinancial incentive changes, as

well as market conditions.

(1) Expansion of public health insurance coveragddw-income patients

Apart from Davidoffet al (2000) and Lo Sasso and Seamster (2007), Debay
al. (1995) is the only peer-reviewed, national stththt examined the impact of
Medicaid expansions on hospital fCTheir findings showed that the Medicaid
expansions for pregnant women and infants in 1@®redhsed the growth of UC by 5
percent. Blewetét al (2003), studying a state-subsidized health insggmogram for
the working poor (MinnesotaCare), also found a tiegaelation between expanded
government coverage and hospital uncompensate®.cane major limitation of
these studies is that they used aggregated medeutg€, at the county or state level,

which cannot explain individual hospitals’ behavior

(2) Government hospital payments

There have been several policies that have chamggaltal payment systems
or amounts of hospital payment: the Medicare PrasgePayment System (PPS),
Uncompensated Care Pool, the Medicare/Medicaid p®igram, and the BBA.
Bazzoliet al (2006) is one of the major studies that examihedBBA impact on the

provision of hospital UC. Instead of controlling feospital ownership type, they

% As a working paper, McConnadt al (2005) measured the effect of the Oregon’s Medipabgram
(OMP) on hospital uncompensated care, and shovetdlibenrollment of one adult from the OMP
leads to an increase of approximately $852 in lakpncompensated care.

 APS healthcare (2006) is a working paper thatistl@isconsin’s BadgerCare—state funded health
insurance program for low-income working familieghachildren—and showed that the expansion of
this program accounted for a 6-year cumulativersgs/bf $283.08 million in hospital UC spending.
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focused on the safety-net status and the sizeedirthncial pressure. They found that
the adjustment to UC after the BBA was proportidnaghe degree of the financial
pressure for each hospital: the largest declingGnoccurred at core safety-net
hospitals, while the policy impact was minimal fam-safety-net hospitals. Campbell
et al (1993) and Manet al (1995), examining Medicaid payment cuts and the
Medicare PPS respectively, showed that the deatdasspital payments reduced
provision of hospital UC.

Spencer (1998) is the only study that examinedibigion of indigent care
burden across hospitals. In particular, she andlydeether the establishment of an
uncompensated care pool successfully redistribatdigent care burden across
hospitals and increased the total amount of UCndysiew York hospital data in
1993, she found the redistribution effects onlyrfmstine care. Nakamura (2007)
examined hospitalization of indigent patients withemergency conditions after the
deregulation of the hospital rate-setting systdon@with reduced state subsidies for
charity care, in New Jersey in 1993. Defining imshgadmissions without emergency
conditions as voluntary indigent care, she fourad kbwer government subsidies

decreased indigent care, but only the voluntaryigaor

(3) Other Factors (managed care, conversion, megigdrpeer pressure)

There has been a great deal of research abowl#t®nship between changes
in market conditions and hospital indigent careul§gr (1994) is a seminal paper that
studied the effect of market competition on hosgitearity care, using California
hospital data during 1984-1988. He found that iaseel price competition decreased
revenues from private payers, which consequentigttained the cost-shifting ability
of hospitals and thereby led to decreases in heddpg(€. Except for Currie and Fahr

(2004), which found little evidence that higher HNy@netration reduced charity care,
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previous studies have shown evidence that incrgasesl competition reduces
hospitals’ provision of indigent care (Thorgeal, 2001; McKay and Meng, 2007).
Another intriguing factor that could affect hospstarovision of indigent care
IS peer pressure, i.e., the provision of indigamedrom other hospitals within
markets. Bankst al (1997) and Clemert al (2002) found that the presence of public
or major safety-net hospitals in the market cr@atentives for other hospitals to
reduce indigent care. By contrast, Frank and Salké\091), Gaskin (1997), Clement
et al (2002), and Rosko (2004) found that hospitalsaased the provision of UC if
other hospitals in the market provide UC, as phriom-price competition (rivalry on
the supply of indigent care). Although these stsidiensidered potential or actual
provision of other hospitals’ indigent care, theg dot examine dynamics of the

distribution of indigent care burden between hadpit

V. Data and Empirical Strategy

Data

My primary source of data is Florida hospital desaje data sets along with
the hospitals’ financial data, obtained from theeAgy of Health Care Administration.
The hospital financial data sets provide informmattout charity care (Hill-Burton
plus other), bad debt, ownership status, teactiatgs number of licensed beds,
revenues, admissions, county and zip code infoanaifihe revenues and admissions
can be broken down by payer sources. The discluatgesets provide detailed patient
information such as payer source, DRG code, diagrawsl procedure code,
admission source, admission type, sex, age, resaleaunty, and zip code.

Other variables are obtained from Area Resoura@sKARF), the Bureau of

Labor Statistics (BLS), Current Population Surve€y§), and Florida Agency for
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Health Care Administration (AHCA). The ARF filesomide hospital market
information at the county level: number of activenffederal physicians, number of
emergency care visits, number of births, populagmpulation under 65, non-white
population, population under poverty, per capitaime, and unemployment rates.
The BLS provides the Consumer Price Index (CPI)vedical car®, while the CPS
data is used to generate ELIG, the Medicaid polaryable, as well as trends of the
uninsured population. From the Florida AHCA, | abtiledicaid caseload data (for

1990-2000) and HMO penetration rates (only for 22060) at the county level.

Estimation Model

Before examining the policy impact on individuakpdals’ provision of
indigent care, | test effects on the total amowhiadigent care at the county level. If
most hospitals reduce provision of indigent caterafoverage expansions or the
BBA, the aggregated indigent care at the countgllshould decrease; however, if the
county level indigent care does not change, thisimply that these policies merely
redistributed contributions for indigent care amdiogpitals. The following is the

estimation model for indigent care at the countele

Model O: Indigent Cake = &+ a; POST, + & POSTXMKT 1+ agM+ county + @

WherePOST=POST92or Medicaid expansion®OST97for the BBA
MKT = [solehosp1, HighHHI =1]

% The Producer Price Index (PPI) for hospital se&wiseems to be a more appropriate index to deflate
hospital uncompensated care. However, | use thedG®to the data availability: CPI data for medical
care is available from 1987 on, whereas PP dathdepital services is available only after 1992.
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The dependent variable is the sum of hospitalsgert care in a given county,
while hospital indigent care is quantified by thesgs of measures: amount of
uncompensated care in dollars, volume of uninspagignts, and quantity of
unprofitable services provided. | examine aggregateunts of indigent care provided
within the same counties over time and comparaggeegated indigent care across
three market types. For each policy, | separatgtiynate the model: impact of the
Medicaid expansion is estimated with the hospaahgle for 1990-1995, and the BBA
impact with that for 1996-200@.0STis a policy variablePOST921 for the post
Medicaid expansion period (1993-1995), &@ST9#1 for the post BBA years
(1998-2000)MKT consists of two indicator variables that contaolthe
concentration level of indigent care burden atrtfagket levelHighHHI and
solehosp If a market (county) consists of at least twoptads, and its HHI is higher
than the median value of all counties’ HHIKighHHI takes a value of one,
representing a market with high concentration dfgant care burden. If a market
contains only one hospitaplehospakes a value of one. Markets with low
concentration of indigent care burdéoWHHI) are the reference group.

M is a vector of market conditions that could afi@emand for, and supply of
indigent care, the variables obtained from the AG#& the demand side, | control for
per capita emergency visits, number of births o), per capita income level (log
form), unemployment rates, percentage of non-wtgulation, percentage of
population aged over 65, percentage of populatedovibthe poverty line, and
Medicaid caseload (log form). On the supply sidegritrol for market concentration
for paying patients, per capita active non-fedbdtBf's (log form), presence of public
hospitals in the market, as well as private HMO Bladlicaid HMO penetration (only

for the BBA).
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Now, | introduce my main econometric models (Motl@nd Model 2) that
examine individual hospitals’ provision of indigerdre in response to the policy
changes. These are difference-in-difference apkbtdifference type regressions at

the hospital level.

Model 1: Hospital Indigent Caye= &+ a; POST + ay OWNSH,; + a3
POSTXOWNSH + as Hyy +as M+ county + g

Model 2: Hospital Indigent Caye= by + b; POST + by OWNSH, + b3 MKT ¢ + by
OWNSH;, x MKT ¢ + bs POST; xXOWNSH; i+ bg POST; x MKT ¢ + b; POST;
XOWNSHht X MKTct + Hht + Mct + 6y

WhereOWNSH = [FP=1, Public=1]

My dependent variables are the three sets of messhat capture individual
hospitals’ supply of indigent care: UC, uninsurédngssions, and unprofitable service
provision. | will explain how to construct thesepdadent variables in the next
section. Again, | separately estimate these mddekhe Medicaid expansion (with
the sample of 1990-1995) and the BBA (with the damp1996-2000). In Model 1, |
compare hospitals’ supply of indigent care acrbsset different ownership types—
NFP, FP, and public hospitals—in a given markebteeand after the policy change.
OWHSH consists of two binary variables: one for for-grofvnership (FP=1) and the
other for public ownership (Public=1); NFP hosstate the reference group. The
policy indicator (POST) and market condition valésM) are constructed in the
same way as explained abotkis a vector of hospital attributes other than ltasp

ownership. I include teaching status (teachingatinber of licensed beds (a dummy
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variable for hospitals with more than 200 licenbeds=1), and urban/rural status
(rural=1). For the BBA, | control for the magnitudethe financial shock, measured
by the Medicaid FPI and Medicare FPI. The coeffitseof the interaction termag,
are the estimates that capture the differenceslinypmpacts across hospital
ownership types.

In Model 2, | compare hospitals’ supply of indigeatre between markets that
have different levels of concentration of indigeate burden, in addition to the
ownership types. The DDD type estimates Capture the difference in policy impacts

across markets and across ownership types.

Construction of Dependent Variables

The three sets of dependent variables are constrircthe following way. For
uncompensated care, | use four variables as follmgsof UC costs, log of charity
care costs, UC costs as a percent of total opgrakpenses, and charity care costs as
a percent of total operating expenses. UC or gheaite costs are calculated by
multiplying UC or charity care charges with hospgpecific cost-to-charge rafi
The first two are inflation-adjusted, dollar basedasures. | separately examine
charity care for the following two reasons. Fithe Florida State Statifes very
specific in defining charity care, which is univaltg applied to hospitals across the
state (Jackson and Beatty, 2003): charity cafeeiportion of unpaid care which is

exclusively offered to uninsured low-income patgmostly those with incomes

% The American Hospital Association (AHA) definestto-charge ratio as total expenses exclusive of
bad debt to the sum of gross patient revenue dret operating revenue. | use the ratio of total
operating expenses to the sum of gross patiengeband other operating revenues.

" Title XXIX (2): “Charity care’ or ‘uncompensated charity careans that portion of hospital

charges reported to the agency for which ther® isampensation for care provided to a patient whose
family income for the 12 months preceding the dateation is less than or equal to 150 percent ef th
federal poverty level, unless the amount of hospltarges due from the patient exceeds 25 perdent o
the annual family income. However, in no case ghallhospital charges for a patient whose family
income exceeds four times the federal poverty léweh family of four be considered charity.”
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under 150% of the FPL, while a payer source fordbat can vary. Therefore, |
perceive charity care as a lower bound of hospitiale willingness to provide
indigent care. Second, even if there is no changlea amount of UC, hospitals may
change the composition of UC.

For volume of the indigent, | use uninsured (sefjEdmissions as a proxy for
indigent admissions. | first examine a proportibmminsured admissions, a number of
uninsured patients in log form, and uninsured igpaitdays in log form. The
proportion of uninsured admissions captures redatmume of indigent admissions,
but can vary not only by changes in absolute nurobaninsured admissions, but also
by changes in insured admissions. Therefore, llaldoat absolute number of
uninsured admissions and their days of stay atitabs@hen, | isolate non-emergency
patients from total admissions and break them doyvpayer source. The non-
emergency uninsured admissions, the other setpefindkent variables, are measured
by number in log form as well as in proportion am@on-emergency admissions of
all payers. Lastly, following Nakamura (2007), hetruct a ratio of non-emergency to
emergency admissions for the uninsured. If hospdatrease indigent care, the
decrease should be larger for non-emergency patikah emergency patients, so this
ratio should decrease. In order to control for otaetors that could influence hospital
admission patterns across all payer sources, sustraice closure, a national trend of
switching to outpatient care, or a type of illndsdifference out the same ratio
associated with the privately insured from theor&tr the uninsured. This differenced
ratio will decrease if hospitals reduce indigerec#n addition to these uninsured
admissions, | examine admission patterns for Medligatients: number, proportion,
and inpatient days of Medicaid patients.

For the analysis of Medicaid expansions, | divideditaid admissions into the

target group (pregnant women and infants undeilaged the non-target group of the
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policy, and classify uninsured admissions in threesananner. Then | look at how
hospitals changed the composition of these founmgolf expansions of public
coverage increase number of Medicaid patientsanalget group, who are more
profitable than uninsured patients, hospitals nmaygase Medicaid admissions at the
expense of uninsured admissions within the targaigor substitute Medicaid
patients in the non-target group for those in #rgedt group. However, if Medicaid
expansions generate more revenues for hospitadpjtats may increase admissions
for uninsured patients who belong to the non-taggetip or for uninsured patients in
the target group who still do not qualify for Medid.

For the service provision, | separately examinewamsof 16 services (10
profitable and 6 unprofitable services) in log fetnifhese are total amounts of
services provided to patients in all payer sournesyestricted to the uninsured
subgroup. Since these services are measured bgiffeeent units such as inpatient
days, number of visits, minutes performed, numib@racedures, and number of staff,
my 16 dependent variables are as follows: log iepatiays for NICU, burn intensive
care, coronary care, pediatric intensive care, ljaytcc acute care, and substance
abuse acute care; log visits of clinic services emérgency services; log minutes of
open heart surgery; log number of staff for ortltbpasurgery; log procedures of
labor/delivery, cardiac catheterization, diagnosddiology, CT, MRI, and ESW
Lithotripsy. | also examine number of unprofitabkrvices provided (from zero to
six), as well as proportion of unprofitable sergi@anong those six (from zero to one).
For profitable services, the total number (fromozter ten) and the proportion out of

those ten are examined as well.
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VI. Results

Descriptive Statistics

Table 2.4 presents descriptive statistics, as agethe methods of constructing
all the dependent and independent variables. Mykaoonsists of a total of 1739
hospital-year observations, coming from 168 shemtathospitals in Florida which did
not change ownership status during 1990-2000. Tdte ef Florida has 67 counties,
among which six counties (Liberty, Jefferson, WikuDixie, Gilichrist, and
Lafayette) in the west of Florida and the west pathe northeast Florida have no
hospitals. In addition, Glades and Sumter coumti¢se central and south Florida do
not have any short-term hospital. All of these ¢@mswithout a hospital belong to
non-Metropolitan areas. As the map in Figure 2@a&h most of the hospitals are
located in south Florida and along the state’s eastest coast. Table 2.5 presents
distribution of the hospitals in my sample acrossrties. Among the 67 counties, the
number of counties with short-term hospitals thdtrit change ownership status
over the years is between 48 and 51. The averagberof hospitals within counties
is about 3, and the majority of the counties cdridi®ne or two short-term hospitals:
37 percent of the counties include only one hokpithile 63 percent include multiple
hospitals (31 percent contain two hospitals, ang&2ent consist of more than two
hospitals). The maximum number of short-term hadpivithin a county is 18 in
Miami-Dade and Broward counties.

The distribution of the uninsured, however, greatlyies across the state (see
Figure 2.7). Three contiguous counties in the S&atst region—Miami-Dade,
Broward, and Palm Beach Counties—are home to nhare @ane half of the uninsured
population in Florida—24.6%, 14.8%, and 15.1% @f $kate’s uninsured population,
respectively (Census, 2000). Since they accourtrity 14.1%, 10.1%, and 7% of the
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[Table 2.4] Construction of Variables and Descriptve Statistics

Variable | Construction Obs | Mean | s.d.
Hospital Attributes (Independent Variables: Hospital Level)
FP Private, for-profit hospital 1739 | 0.47 | o0.50
Public Public hospital 1739 | 011 |o0.32
Teaching Hospital that has at least 10 residents 1739 014 | 047
Large Bed Hospital with number of licensed beds>200 1739 | 047 | 050
Acute care hospital that is licensed under Florida
Rural Statute 395.602(2)(e). The statute can be found at 1739 0.11 | 0.32
http://www/flsenate.gov/statutes/.
Policy Indicator
POST92 Years after Medicaid expansion (1993-1995) 1739 0.71 | 0.45
POST97 Years after the BBA (1998-2000) 1739 0.25 | 0.43
McareFPI Medicare FPI at the year of 1998 (p. 7) 147 -0.83 | 0.42
McaidFPI Medicaid FPI at the year of 1998 (p. 7) 147 -0.06 | 0.12
Market Attributes ( Independent Variables: County Level)
HHI for the sum of the squared market shares of predicted
. hospital admissions for indigent patients in each 1739 0.29 | 0.29
uninsured ) .
disease group and zip code
Hiah HHI for the HHI for the uninsured is greater than its median
un?nsured value: high concentration of indigent care burden at | 1739 0.21 | 0.40
the county level
Sole hospital the only hospital within county 1739 0.10 0.30
per capital L. .
emergency visit In(number of emergency visits /total population) 1739 0.38 | 0.19
In(per capita o
income) In(per capital income) 1739 9.99 | 0.27
% of population . .
aged 65 or over Population aged 65+/total population 1739 0.19 | 0.07
% of population . . .
who are non-white Non-white population/total population 1739 0.28 | 0.18
Unemployment
rate (%) Unemployment rate 1739 585 | 2.26
In(active non- . -
federal MD’s) In(number of active non-federal physicians, MDs) 1739 6.58 1.71
Presence of public
hospital in the At least one public hospital present in the market 1739 0.42 | 0.49
market
HHI with sum of the squared market shares of hospital
admissions of admissions for privately insured, Medicare, 1739 0.34 | 0.29
paying patients Medicaid, and other payer sponsored patients
% population
under the poverty Population under poverty line/total population 1739 0.14 | 0.04
line
In(birth) In(humber of birth) 1739 8.08 2.52
In(Medicaid - .
caseload) In(Medicaid caseload in total) 1739 | 10.48 | 1.34
Commercial HMO . .
penetration Commercial HMO penetration (only for 1996-2000) 759 0.21 | 0.11
Medicaid HMO . .
penetration Medicaid HMO penetration (only for 1996-2000) 759 002 | o001
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[Table 2.4] continued

Dependent Variables (Hospital Indigent Care)

Variable | Construction Obs | Mean | s.d.
Uncompensated Care (UC)
In(UC cost) In(UC charges*cost-to-charge ratio) 1739 | 1461 | 1.92
% UC cost UC costs/total expenses 1739 | 0.07 | 0.05
. g —
In(charity care) 'r’;(ticoh)a”ty care charges*cost-to-charge | 1739 | 1534 | 3.96
% charity care Charity care costs/total expenses 1739 | 0.05 | 0.08
Admission Patterns
% Uninsured Adm Uninsured admissions/total admissions | 1739 | 0.06 | 0.05
In(uninsured adm) In(number of uninsured admissions) 1739 | 572 | 144
In(uninsured inpdays) |n(uninsured inpatient days) 1739 7.20 1.46
. In(number of uninsured patients with
In(hon-ER uninsured adm) non-ER conditions) 1739 488 | 1.39
% Mcaid adm Medicaid admissions/total admissions 1739 | 0.11 | 0.09
In(Mcaid adm) In(number of Medicaid admissions) 1739 | 6.08 | 1.65
In(Mcaid inpdays) In(Medicaid inpatient days) 1739 | 7.69 | 1.71
(ratio of non-ER to ER for uninsured
A ratio(non-ER/ER) patients) — (ratio of non-ER to ER for 1739 | -0.46 | 0.80
the privately insured)
In(humber of uninsured maternity
In(uninsured adm: target group)* | patients and uninsured infants under 980 272 | 2.35
age 1)
In(uninsured adm: non-target In(hnumber of uninsured patients above 9830 567 | 146
group)* age 1 who demand non-maternity care) ) )
. . | In(number of uninsured patients with
Itggngg-*ER uninsured adm: non non-ER conditions among non- 980 481 | 152
9 maternity patients aged above 1)
In(number of Medicaid maternity
In(Mcaid adm: target)* patients or Medicaid infants under age 980 3.70 | 2.86
1)
In(Mcaid adm: non-target)* In(number of Medicaid patients _above 980 540 | 1.46
age 1 who demand non-maternity care)
Service Provision
Profitable Services
In(coronary) In(Coronary Care Inpatient Days) 1739 | 3.04 |3.93
In(CC) In(Cardiac Catheterization Procedures) | 1739 | 4.52 | 3.67
In(CT) 'F’,‘r(gcoe”;l‘j;‘etgj tomography Scanner 1739 | 8.04 | 2.07
In(Radiology/diagnostic) In(Diagnostic Radiology Procedures) 1739 | 10.53 | 1.10
In(ESW) In(ESW Lithotripter Procedures) 1739 | 1.47 | 2.08
In(MRI) :;‘r((';’éae%ﬂfgg)resonance imaging 1739 | 4.05 |3.43
In(NICU) In(Ne_onataI Intensive Care Unit 1739 194 | 349
Inpatient Days)
In(Open Heart) In(Open Heart Surgery minutes) 1739 | 3.36 | 5.32
In(Orthopedic) Ln(Number of Staff for orthopedic 1739 191 | 118
surgery_) _ _ _
In(Pediatric Intensive Care) I[_)r;(ylzidlatnc Intensive Care Inpatient 1739 0.79 | 2.30
Num(Profitable service) Number of Profitable Services (0-10) 1739 556 | 2.21
% Profitable service (number of profitable Services)/10 1739 0.56 | 0.22
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[Table 2.4] continued

Dependent Variables (Hospital Indigent Care): continued
Unprofitable Services

Variable Construction Obs | Mean | s.d.
In(Burn care) In(Burn Intensive Care Unit Days) 1739 | 0.14 | 6.04
In(ER) In(Emergency Room Visits) 1739 | 9.63 | 1.87
In(Free Clinic) In(Clinic+ Free Standing Clinic Visits) 1739 | 294 |4.43
In(Obstetric) In(Labor and Delivery Procedures) 1739 | 435 |3.74
In(Psych) In(Psychiatric Acute Care Days) 1739 | 291 | 4.22
In(substance abuse) :EE)Sal:izsntta Bgisbuse heute Care 1739 0.75 | 225
Num(unprofitable service) Number of unprofitable services (0-6) 1739 | 234 | 111
% (unprofitable service) (number of unprofitable services)/6 1739 | 0.39 | 0.18

Kertheast Florida

West Filorida

. Metropolitan West Florida
Non-Metropolitan West Florida

. Metropolitan Northeast Florida
Non-Metropolitan Northeast Florida
Metropolitan Central Florida

O Non-Metropolitan Central Florida
& Metropolitan South Florida

C#5) Non-Metropalitan South Florida
Counties with Hospitals

South Fiorida Tl

il
Source: Florida Hospital Service Guide (AHCA, 2003)
Note: Numbers in each county mean the number gfitads during 1990-2000.
For example, the number of short-term hospitalglimmi-Dade County was between 22 and 26 during
my sample period.

[Figure 2.6] Distribution of Florida Hospitals by County
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[Table 2.5] Distribution of Hospitals across Countes

Average # of
Hospitals
1990 3.29 51
1991 3.29 49
1992 3.33 49
1993 3.33 48
1994 3.24 50
1995 3.32 50
1996 3.22 50
1997 3.18 49
1998 3.02 49
1999 3 49
2000 2.94 50

Year # of County
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[Figure 2.7] Distribution of Uninsured Residents umer Age 65 by District
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state’s population, respectively, this means tlapitals located on the south coast
face higher demand for indigent care. On the dtlaed, there are few uninsured
persons in rural and sparsely populated countieseXample, the sum of uninsured
residents in seven counties in Central Florida—De38lades, Hardee, Hendry,
Highlands, Monroe, and Okeechobee—makes up of2#lpf the uninsured
population in the state. Within these counties, éaav, almost a quarter (24.4%) of
the population lacks health insurance coveragegtwimplies that the role of safety-
net providers is also important in these rural ¢@sn

Now, | discuss distribution of the uninsured witlkewunties for 1990-2000.
Figure 2.8 shows the HHI for the uninsured (reé)liand HHI for paying patients
(blue line). The HHI for the uninsured (concenwatof indigent care burden at the
county level) increased in 1992 from 0.41 to Ol&u4, has stayed almost the same
since 1992. The HHI for paying patients has beerstamtly higher approximately at

0.6, and changed little over the years.

1
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0.6 [ p— —— —
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[Figure 2.8] Distribution of the Uninsured (HHI for the uninsured: county level)
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The Florida hospital market mainly consists of A BIFP hospitals,
accounting for 47 and 41 percent of the study sampbkpectively, while public
hospitals are 12 percent of the hospital samplachieg hospitals, defined as those
that have at least 10 residents, consist of 14epéaf my sample. Florida hospitals
have an average of 289 licensed beds, and 89 peneelocated in urban areas. 21
percent of the hospitals are located in countiesreviat least two hospitals operate and
the indigent care burden is highly concentratecereis 10 percent are the only
providers operating in their respective counties.

Hospital UC consists of 29 percent charity care Ahgercent bad debts (see
Figure 2.9), and takes up 7 percent of operatimpgeses. The payer mix is as follows:
6 percent self-pay, 11 percent Medicaid, 26 perpeamate insurance, and 51 percent
Medicare. While 60 percent of privately insuredMmdicaid patients are admitted
with non-emergency conditions, only 50 percentedf-gay patients come with non-
emergency conditions.

On the demand side, the average per capita inco®2li,222.7; the average
unemployment rate at the county level is aboutr6ey#; the elderly (65 years or
older) make up 19 percent of the population, whetka non-white population makes
up 28 percent. On the supply side, the average auoflactive non-federal
physicians is 723 at the county level; the valuelal with paying patients is 0.34;

and 42 percent of hospitals were located in coantieich had a public hospital.
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Hospital Uncompensated Care Cost
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[Figure 2.9] Hospital Uncompensated Care in Floridg1990-2000)

Results of Model 0 (county level)

Table 2.6 and Table 2.7 report the estimates ottty level analysis (Model 0) for
the Medicaid expansion and the BBA, respectivelre;ithe dependent variable is the

aggregate of hospitals’ indigent care at the colausgl.

(a) Results for the Medicaid Expansions (Model 0)

In Table 2.6, the results in the first panel shbat the aggregate amounts of
indigent care in terms of charity care costs amulmer of uninsured patients
decreased, by 0.16 logs and 0.21 logs respectiattbr, the Medicaid expansion;
however, neither change was statistically significénterestingly, the aggregate
number of uninsured patients belonging to the rawget group increased after the

expansion, by 0.29 logs, in a statistically sigr@fit manner.
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[Table 2.6] Results of Model 0 (Medicaid Expansions

In(charity In(uninsured In(uninsured In(uninsured
Panel | In(UC cost) cost) adm) target) non-target)
PoSt92 0.1 0.08 -0.16 | -0.44 | -0.21 | -0.32 | 0.33 1.02 0.29** | 0.29**
(0.08) | (0.09) | (0.42) | (0.59) | (0.29) | (0.46) | (0.75) | (0.83) | (0.12) | (0.14)
Post92x -0.02 -0.04 0.16 -0.19 0.06
HHIhigh (0.06) (0.16) (0.19) (0.57) (0.10)
Post92x 0.05 0.64 0.11 -1.37 -0.04
solehosp (0.06) (0.56) (0.29) (0.83) (0.13)
(F3(JEunty Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Obs. 297 297 297 297 297 297 297 297 297 297
R-sqr 0.99 0.99 0.85 0.86 0.85 | 0.85 | 0.87 0.87 0.97 0.97
F-stat 6.26 5.99 9.91 5.97 5.46 546 | 44.35 | 21.01 | 38.21 | 47.48
Prob>F 0 0 0 0 0 0 0 0 0 0
panel II In(Medicaid In(Medicaid Adm: In(Medicaid Adm:
Admission) Target group) Non-target group)
PoSt92 -0.08 0.14 0.48 1.02 -0.18** | -0.05
(0.09) (0.13) (0.53) (0.64) (0.08) (0.10)
Post92x -0.08 -0.46 -0.06
HHIhigh (0.09) (0.55) (0.08)
Post92x -0.42%** -0.85* -0.25**
solehosp (0.15) (0.49) (0.11)
(':3()Eunty Yes Yes Yes Yes Yes Yes
Obs. 297 297 297 297 297 297
R-sqr 0.98 0.98 0.89 0.89 0.98 0.98
F-stat 3.97 4.05 3.04 7 70.7 10.89
Prob>F 0 0 0 0 0 0
panel Ili Ln(ER visits) Ln_(c_llnlc Ln(labor/delivery Ln(NICU) _ Ln(pfedlatrlc
Visits) procedures) intensive care)
PoSt92 0.04 | 0.09** | 1.54 | 0.02 0.19 0.87 -0.21 | 0.13 -0.06 0.2
(0.03) | (0.03) | (1.26) | (1.92) | (0.36) | (0.76) | (0.54) | (0.84) | (0.06) | (0.19)
Post92x -0.05 0.83 -1.04 -0.05 -0.3
HHhigh (0.04) (1.80) 0.71) (0.53) (0.24)
Post92x -0.05* 2.71 -0.71 -0.7 -0.34
solehosp (0.03) (2.02) (0.69) (0.71) (0.27)
(':3()Eunty Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Obs. 297 297 297 297 297 297 297 297 297 297
R-sqr 1 1 0.78 0.78 0.96 0.97 0.96 | 0.96 0.99 0.99
F-stat 2711 | 279 |[31.71 | 26.23 | 3.14 3.58 72 127 340 1872
Prob>F 0 0 0 0 0 0 0 0 0 0
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This implies hospital indigent care beneficiaribgtsig from maternity to non-
maternity patients after the Medicaid program cedenore maternity patients. The
aggregate of Medicaid patients in the target groupstly involving births, increased,
while the aggregate of Medicaid patients in the-tavget group decreased by 0.18
logs; however, neither change was statisticallpificant. In markets with only one
hospital, the admissions for Medicaid patientddial, in the target group, and in the
non-target group) actually decreased after theresipas: this may imply that patients
residing in a county where a single hospital wasrafing may have moved to
hospitals in a different county after the coverggm.

In the third panel, | present results for the Eerprovision at the county level.
Here, | only report the estimates for services Werte possibly affected by the
expansion policy such as maternity and pediatnie.da a given county, the sum of
labor/delivery procedures performed at hospitatsaased, while the aggregate NICU
days and the sum of pediatric intensive care dagsedised. However, none of these
changes was statistically significantly differerdrh zero at the 10% level. Although |
expect emergency room or clinic visits to decresdta the coverage expansion
(because these are the entry points for uninsuagdnts), both increased, albeit by
amounts that are not statistically significantparticular, the total number of ER
visits increased by 0.09 logs for counties with tipleé hospitals, but decreased by
0.05 logs for those with only one hospital. Consitethat these counties also
increased the aggregate amount of care offereditsured patients in the non-target

group, these increased ER visits were likely tgioate from non-maternity patients.

(b) Results for the BBA (Model 0)

Panel I in Table 2.7 presents the estimates foBBw regarding changes in

UC and volume of the uninsured at the county leAslin Table 2.6, most of the
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[Table 2.7] Results of Model O (the BBA)

Ln(Charity Ln(Uninsured Ln(Medicaid
Panel | In(UC cost) Cost) Admission) Admission)
posToy 1001 |-004 |014 [007 037 |034 |-017 |-0.16
(0.07) | (0.08) | (0.17) | (0.19) | (0.59) | (0.65) | (0.12) | (0.12)
POST97 0.1 0.12 0.08 -0.03
xHHiIhigh (0.06) (0.16) (0.23) (0.07)
POSTO7 0.07 0.17 0.03 0
xsolehosp (0.08) (0.21) (0.27) (0.09)
Obs. 247 | 247 | 247 | 247 | 247 | 247 | 247 | 247
county F.E. | YES | YES | YES | YES | YES | YES | YES | YES
R-square 099 | 099 | 093 | 093 | 087 | 087 | 098 | 0.98
Prob>F 0 0 0.41 0 0 0 0 0
Panel Il In In In In In In In(# of
burncare | (ER) (clinic) | (labor) | (psych) | (subst) | unprofit)
posToy 014 096 |-067 |-007 |020 |-045 |0.34
0.14) | (0.85) | (227) |(0.12) |(0.39) | (1.02) | (0.40)
POST97 | -0.08 012 |433* |-012 |001 o022 0.03
xHHIhigh | (909) | (0.29) | (1.95) | (0.15) |(0.27) | (0.87) | (0.09)
POST97 | -0.03 005 |035 |-008 |-1.05 |-0.08 |o0.01
xsolehosp | (90g) | (0.19) | (2.62) | (0.15) | (0.85) | (1.02) | (0.14)
Obs. 247 247 247 247 247 247 247
county FE. | YES YES | YES | YES | YES | YES YES
R-square 0.96 0.85 0.8 1 0.98 0.9 0.91
Prob>F 0 0 0 0 0 0 0
Panel IlI In(CC) In In In In In In(hum
(MRI) (NICU) | openheart | (orthoped) | (pedinc) | of profit)
posTg7  |073% | -005¢ |0.21 -0.84 0.06 -0.4 0.43
0.29) | (053 |(0.21) |(@52) (0.17) 0.82) | (0.39)
POST97 | 0.87 1.42* | 0.18 0.69 0.04 0.12 -0.01
xHHIhigh | (5650 | (0.68) | (0.29) | (2.04) (0.11) 0.67) | (0.10)
POST97 | 0.4 -1.55* | 0.52 0.03 0.37 -0.07 | -0.02
xsolehosp | (962) | (0.92) | (059) | (1.61) (0.26) (0.35) | (0.10)
Obs. 247 247 247 247 247 247 247
county FE. | YES | YES | YES YES YES YES YES
R-square 0.97 092 | 0.8 0.9 0.99 0.97 0.94
Prob>F 0 0 0 0 0 0 0
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policy effects on the aggregate level of indigeareadid not change in a statistically
significant manner. Moreover, contrary to my hypsils, the BBA did not reduce the
indigent care provision at the county level: UCamty care, and uninsured admissions
at the county level all increased after the BBAjlevthe aggregate of Medicaid
admissions decreased. For the unprofitable seprmésion, the BBA reduced county
level clinic visits, substance inpatient days, &fubr procedures. In contrast, many of
the profitable services provided at the county léavereased after the BBA: aggregate
amounts of services related to cardiac care, GIgraistic radiology, ESW, NICU,

and orthopedic care all increased after the sugpbgk.

Results of Model 1 (Hospital Level)

Now, | discuss the policy effects on individual pivals’ supply of indigent care.
Model | is the difference-in-difference type regies that enables me to compare
policy impacts across ownership types. The coedficof POST captures policy
impacts on indigent care for NFP hospitals, whilke éstimates for two interaction
terms (POSTxFP and POSTxPublic) capture the dift@® in policy impacts

between NFP and the respective ownership type (¢FFPP and NFP vs. Public).

(a) Results for the Medicaid Expansions (Model 1)

Table 2.8 through Table 2.10 present the resulkdaxfel | for the Medicaid
expansion—UC measures, admission patterns, and offservices provided. In
Table 2.8, | report the estimates for the four U€asures: UC costs in log form, UC
as a percent of total operating expenses, charg/ costs in log form, and charity care
as a percent of total operating expenses. Prithretdedicaid expansion, regardless of

the choice of measures, | can confirm conventianstiom concerning the
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[Table 2.8] Results of Model | for Medicaid Expanson: Uncompensated Care

In %
In % (charity (charity
(UC cost) | (UC cost) | care) care)
POST92 -0.09 0 -1.16%* -0.01*
(0.16) (0.00) (0.44) (0.00)
POST92xFP 0.24 0.01* 1.58*** 0
(0.22) (0.00) (0.44) (0.00)
POST92xPublic | 0.13 0 0.24 0.02*
(0.16) (0.01) (0.24) (0.01)
FP -0.78*** -0.02*%** -5.01%** -0.02%**
(0.22) (0.01) (0.59) (0.01)
Public 1.43*** 0.12%** 2.60*** 0.16***
(0.32) (0.02) (0.85) (0.02)
Teaching 0.57** 0.02* -0.27 0.04**
(0.23) (0.01) (0.71) (0.02)
Large_bed 1.16*** 0 2.71%* 0.01*
(0.16) (0.01) (0.55) (0.01)
Rural 5.05** 0.12%** 4.96 Q.11 %
(2.29) (0.03) (3.16) (0.03)
In(mcaidcase) -0.18 -0.01 1.23 0.01
(0.40) (0.01) (1.04) (0.01)
% pop65 0.6 0.16 9.51 0.24
(8.51) (0.14) (22.22) (0.21)
% nonwhite -1.02 -0.32** 13.5 0.1
(3.40) (0.13) (12.43) (0.12)
capita_ERuvisit 0.23 0 0.13 0
(0.26) (0.00) (0.24) (0.00)
unemployment -0.05 -0.00* 0.11 0
(0.05) (0.00) (0.09) (0.00)
In(birth) -0.13 0 -0.17 0
(0.17) (0.00) (0.32) (0.00)
In(capita_income) | 1.06* 0.02 0.74 0.03
(0.63) (0.02) (1.88) (0.02)
In(active MD) 0.72 0 3.37* 0.01
(0.57) (0.03) (1.65) (0.02)
% poverty pop -2.45 0.17 15.24 0.22*
(4.42) (0.19) (11.81) (0.11)
Pres_public hosp | 1.00* 0.03 2.51* 0.03
(0.56) (0.02) (1.01) (0.03)
HHI_pay 0.85 0.02 2.17 0.04
(0.59) (0.02) (1.66) (0.03)
Constant 2.32 -0.02 -37.09** -0.51%**
(6.79) (0.17) (18.53) (0.16)
Observations 980 980 980 980
County F.E. YES YES YES YES
R-square 0.54 0.58 0.51 0.54
Prob>F 0 0 0 0
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relationship between hospital ownership type amdipron of indigent care:
compared to NFP hospitals, FP hospitals provideitedigent care, while public
hospitals offer more. The first two columns showatthfter the Medicaid expansion,
there was very little statistical evidence thatpitads changed UC, except for FP
hospitals which increased UC costs as a percemperfating costs. The last two
columns show that FP hospitals increased bothtghzare and bad debts, but the
increase in bad debts was larger than that intyheaire. The Medicaid expansion
reduced the charity care burden for NFP hospitalls m log terms (by 1.16) and as a
percent of operating expenses (1 percentage p8&inbjlic hospitals also reduced
charity care costs by 1.16 logs, but relative terapng costs, charity care costs
increased by 1 percentage point. My findings suigthed public and NFP hospitals
benefited from the Medicaid expansion, by carryargmaller charity care burden.
However, no change in UC implies an increase ind&t, so that the overall indigent
care burden might not have been reduced for thesgithals.

Table 2.9 presents the results for the admissittenpa after the expansion.
The first three columns include the estimates fonsured (selfpay) admission rates,
number of uninsured admissions in log form, anchsumied inpatient days in log form.
| expect uninsured admissions to decrease aftdvidtkcaid expansion. Although
hospitals of all ownership types admitted fewemsnored patients, these decreases are
not statistically significantly different from zerblowever, uninsured inpatient days
decreased by 0.27 logs across all ownership tygiebé 10% level). Now, | separate
uninsured patients into maternity and infant pas€tne Medicaid target group) and
the rest (the non-target group), and examine wheitleeMedicaid expansion
decreased uninsured patients who belonged to thettgroup. The fourth column
shows that the number of uninsured patients whe wethe target group did decrease

at NFP and public hospitals by 0.42 logs afterakgansion, but FP hospitals
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[Table 2.9] Results of Model | for Medicaid Expansin: Admission Patterns

Panel | (N=980)

.. | In(unins: .
%unins | In(unins | In(unins I(?JninS' :qnéﬁruns. non-ER (Ansr?lglgl
adm adm) Inpday) target)' Target) & non- ER)
target
POST92 0 -0.09 -0.27* -0.42* | 0.27* 0.31* 0.19*
(0.01) (0.13) (0.15) (0.18) (0.15) (0.15) (0.11)
POST92xFP 0.01 -0.13 0.01 0.44*** | -0.35** | -0.42** | -0.07
(0.00) (0.12) (0.12) (0.16) (0.13) (0.12) (0.11)
POST92xPublic | -0.01 0.08 0.06 0.26 0.22* 0.24* 0.12
(0.01) (0.11) (0.14) (0.23) (0.12) (0.14) (0.13)
FP -0.02*** | -0.62*** | -0.54*** | -1.99*** | -0.26 -0.33** 0.04
(0.01) (0.17) (0.16) (0.39) (0.16) (0.16) (0.12)
Public 0.10*** | 1.35** | 1.66** | 1.33 1.14%+* 1.13%+* -0.09
(0.02) (0.28) (0.30) (0.81) (0.26) (0.28) (0.22)
Teaching 0 0.32 0.39* 0.49 0.34 0.45* -0.02
(0.01) (0.20) (0.22) (0.38) (0.22) (0.22) (0.13)
Large Bed 0 1.24%%% | 1.24%* | 1.28%* | 1.25%+* 1.24%* -0.27*
(0.01) (0.17) (0.15) (0.35) (0.17) (0.15) (0.12)
Rural 0.08*** | 1.22 1.88* -0.43 1.38 0.83 -0.01
(0.03) (0.98) (0.95) (1.26) (0.95) (0.96) (0.18)
Other County
Variables & YES YES YES YES YES YES YES
County F.E.
R-square 0.51 0.54 0.6 0.47 0.52 0.59 0.15
Panel 11 (N=980)
% In In In In (Mcaid:
Mcaid (Mcaid (Mcaid | (Mcaid: | non-
adm Adm) inpday) | target) target)
POST92 0 -0.18 -0.12 -0.36* -0.14

©.01) |(0.12) |(.12) |(0.20)0 | (0.10)
POST92xFP 0.02* | 0.24* | 0.24 0.47* |0
©.01) |(0.14) |(.18 |(0.200 |(0.12)

POST92xPublic | 0.01 -0.12 011 | 0.06 -0.09
©.01) |(0.12) [(.13) |(0.22) | (0.10)
FP -0.03% | -0.80%** | -0.59%** | -2.28%* | -0.49%*
0.02) | (022 [(.21) |(042) | (0.18)
Public 0.10%* | 1.58** | 1.68** | 1.64* 1.37%%
0.03) | (033 [(0.33 |(0.86) | (0.26)
Teaching 0.09%* | 0.91%* | 0.98** | 1.07* | 0.66***
0.02) | (0.25) |(0.25) | (0.48) | (0.22)
Large Bed 0.01 1470 | 1.63%* | 1.59% | 1 450
0.01) | (020 |(.19 |(042) |(0.17)
Rural 0.08 0.99 1.18 -0.04 1.15

0.07) | (126 | (@133 |@€62 | (107

Other County

Controls & YES YES YES YES YES
county F.E.
R-square 0.41 0.56 0.57 0.5 0.56
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increased it by 0.02 logs. However, the reason thbyoverall uninsured admissions
did not change was because NFP and public hospdatstted more uninsured
patients in the non-target group, i.e., non-matgnpatients above age 1, while FP
hospitals decreased these admissions. In thenastdlumns, | find that the increase
in indigent care at NFP and public occurred withsthwho had non-emergency
conditions and seek non-maternity care, i.e., iigare which hospitals could have
chosen not to offer.

In order to check whether the decreased numbeniasured patients in the
target group was matched with an increased nunfidedicaid admissions, | also
examine Medicaid admission patterns in Panel Ifirat, | examine Medicaid
admissions in total, not restricted to the targeug of the expansion, and find that
only FP hospitals increased the total number ofibked patients (by 0.24 logs) and
their admission rates (by 2 percentage points).WWitivide Medicaid patients into
the target and non-target group, the fourth arid @blumns show that the increase in
Medicaid admissions at FP hospitals was due tinttrease in the number of
maternity and pediatric patients, those in thegaggoup.

My findings imply that the Medicaid expansion diot meduce the total
number of uninsured patients, but did change istion of uninsured patients across
hospitals. NFP and public hospitals, which hadnadare of a large number of low-
income patients before the expansion, were aliledoce uninsured admissions
among maternity patients and infants under agetbedarget group of the policy
change. However, they balanced out this decreaseimsured admissions with the
increase in admissions for uninsured patients whiewn the non-target group. FP
hospitals, which originally took care of few unined patients, became more
interested in caring the patient group who werepiblly eligible for Medicaid after

the expansion: they increased admissions for laere patients who were uninsured

136



or on Medicaid, but only those in the target grdupsacrificing care to uninsured
patients who were in the non-target group.

Table 2.10 reports the results of the expansiorypotgarding service
provision. For the Medicaid expansion, | do notentghospitals to make large
changes in types of services provided, and tresidirmed by Table 2.10. Neither
profitable nor unprofitable services changed btistiaally significant amounts,
except for CT procedures, which decreased at Fpitatss However, there may have
been reallocation of maternity patients and infamder age 1 across hospitals,
because the increased public insurance coveragelptopayments to hospitals for
treating those who became eligible for MedicaiderBfiore, | focus on three services
particularly related to maternity and pediatricecawo profitable intensive care
services (NICU days and pediatric intensive canel) @ahe unprofitable service (labor
procedures). Prior to the Medicaid expansion, Fspitals provided smaller amounts
of all of these three services than NFP and putadspitals. After the Medicaid
expansion, FP hospitals provided relatively mobetand pediatric intensive care
services than NFP hospitals, but the differenca® wet statistically significantly
different from zero. Lastly, | examine whether theome effect motivated hospitals
to increase provision of unprofitable services.dghasn the number and proportion of

unprofitable services, | do not find such effects.

(b) Results for the BBA (Model 1)

Next, | present the results of Model | for the BBA:st, | estimate Model |
with the hospital sample for 1995-2000 with Medec&PI| and Medicaid FPI included
(controlling for the size of the financial shocktla¢ hospital level). However, the

policy impacts may differ by the size of the finashock, so | add interaction terms
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[Table 2.10] Results of Model | for Medicaid Expan®n: Service Provision

, POST92 POST92xFP | POST92xPublic | oher | Other
Proflltable Hosp. County R-
Services Coeff. | S.E. | Coeff. | S.E. | Coeff. | S.E. Var. Vfgllazlbllzes square
In(coronary) | 907 | (0.36) | -0.15 | (0.34) | -0.01 | 0.51 YES YES 0.51
In(CC) 018 | (0.25) | -0.3 0.28) | -0.44 | 0.55 YES YES 0.55
In(CT) 019 | (0.25)|-0.37* | (0.15) [ 026 |05 YES YES 0.5
In(radio/diag) | g 0.19) | -012 | (0.13) | 0.02 | 0.38 YES YES 0.38
In(ESW) 014 |(0.21)]-016 |©21)]-002 |04 YES YES 0.4
In(MRI) 042 | (0.43)]0.18 (0.35) | 058 | 0.43 YES YES 0.43
In(NICU) 014 |(0.19)]-019 |(.16)|034 |o0.45 YES YES 0.45
In(openheart) [ 07 | (0.28) | 0 0.25) | -0.14 | 0.39 YES YES 0.39
In(orthopedic) | 0 07 | (0.09) | -0.12 | (0.08) | 0.13 | 0.58 YES YES 0.58
In(ped.int) 015 | (0.15) 001 |[(0.14)]03 0.32 YES YES 0.32
#of profitable | 016 | (0.17) [-014 |(©.15]01 |o61 | YES | YES | o061
% ofprofit. | 002 |(0.02)]-0.00 [(.01) 001 [o061 | YES | YES | 061
POST92 POST92xFP | POST92xPublic Other

Unprofitable Sther Co_unty R-
Services Coeft. | SE. |coeff. | SE | coef. | SE. | var Vi‘;‘é?ges square
In(burncare) | -0.02 | (0.04) | -0.01 | (0.04) | 0.02 | 0.04) | YES YES 0.29
In(ER) -0.01 | 0.23) |-019 | (0.22)]-003 | ©.12) | YES YES 0.29
Infreeclinic) | 0.61 | (0.56) | -0.65 | (0.44) | 0.01 | (0.82) | YES YES 0.37
In(obstetric) | -0.49 | (0.30) | 0.39 | (0.29) | 0.14 | (0.40) | YES YES 0.45
In (psychiatr) | -0.31 | (0.27) | -0.09 | (0.27) | -0.02 | (0.31) | YES YES 0.41
In(substance) | -0.1 | 0.29) | 0.22 | (0.27) | 0.06 | 0.37) | YES YES 0.2
#ofunprofit. [ 501 [ (0.10) | -0.01 | (0.09) [ 003 |(.12) | YES YES 0.51
% of unprof. | g 0.02) |o 0.02) | 0 0.02) | YES YES 0.51

between Medicaid FPI and each of the ownershipstyp&iodel 2. | construct a

dummy variable for hospitals with high Medicaid FRIGH_MCAIDFPI=1 if

Medicaid FPI of a hospital is greater than the raedialue of all hospitals’ Medicaid
FPI. Table 2.11 through Table 2.13 present theetheds of results. The estimates in

row (1)-(3) capture how hospitals with small finedshock responded to the BBA,

% | do not include interaction terms between MedidaP| and ownership types because when |
estimate Model | with Medicare FPI and Medicaid krluded, the Medicare FPI did not have
statistically significant impacts on hospital indig care for most of my indigent care measures.
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while the estimates in row (4)-(6) capture resperefenospitals with large financial
shock (high Medicaid FPI) to the BBA. If those wiliger shock reduced indigent
care to a greater extent, these estimates woulel iagative values.

Table 2.11 reports the estimates for the four U@suees. Surprisingly, the
BBA seemed to have had little effect on the amaditdC or charity care. Only FP
hospitals made an adjustment to the log amournthafity care costs, but the
adjustment was the increase in charity care cgs®36 logs. My results confirm that
the decrease in indigent care was indeed largevsgiitals with greater financial
shocks: For those with high Medicaid FPI, UC agent of operating expenses
decreased by 1 percentage point, regardless ofrehipeype. For public hospitals
with high Medicaid FPI, charity care as a percdraperating expenses also decreased

by 8 percentage points.

[Table 2.11] Results of Model | for the BBA: Uncomensated Care

In %
No. Variables In % (charity (charity
(UC cost) | (UC cost) care) care)
0.16 0 0.22 0.01
1 POST97
@) (0.10) (0.00) (0.30) (0.01)
-0.26 0 0.56* -0.01
2 POST97xFP
2) * (0.17) (0.01) (0.32) (0.01)
. -0.04 0 -0.13 0.02
3 POST97xPubl
3) XPuble (0.17) 001) | (030) | (0.02)
. -0.22 -0.01** -0.15 -0.01
4 POST97xHighFPI
“) *Hig (0.16) 001) | (033 | (0.01)
. 0.36* 0.01 0.41 0.02
5 POST97xFPxHighFPI
©®) g (0.19) 001) | (037) | (0.02)
C -0.11 -0.01 -0.31 -0.08*
6 POST97xPublicxHighFPI
(©) XPUbliexig (0.30) (0.01) (0.53) (0.04)
Other Hosp. Variables YES YES YES YES
Other County Variables YES YES YES YES
County F.E. YES YES YES YES
Observations 729 729 729 729
R-square 0.67 0.74 0.55 0.71
Prob>F 0 0 0 0
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Table 2.12 reports the estimates for admissiorepet My results show that
NFP and public hospitals were more responsivea®tBA, and that hospitals with
high Medicaid FPI reduced indigent care to a greatéent. Hospitals of all
ownership types with high Medicaid FPI reduced sared admissions by 0.31 logs
and Medicaid admissions by 0.47 logs. These acdouiat 1 percent decrease in
uninsured admission rates for private hospitald,@percent for public hospitals.
There was no statistically significant change imsared inpatient days at hospitals in
any ownership type. Now | isolate uninsured pasievito did not have emergency
conditions from total uninsured patients. | exgeaspitals, with more financial
pressure after the BBA, to reduce uninsured adomssibut only those who arrived
with non-emergency conditions. The fourth and fdtdumn show that the size of the
reductions in non-emergency uninsured admissidfersliby ownership type and by
the level of Medicaid FPI. Among those with low FRFP hospitals decreased the
log of uninsured admissions with non-ER conditibg$).16, which accounted for 2
percentage points reductions in uninsured admissi@as, but FP and public hospitals
increased non-ER uninsured admissions by 0.26 &1dl€gs, respectively (4 and 3
percentage-point higher than the rate for NFP halspi Among those with high
Medicaid FPI, public hospitals seemed to have ntlheéargest adjustments to
indigent care: public hospitals lowered the rate@f-emergency uninsured admission
by 5 percentage points (the largest), while FP isdowered it by 1 percentage
point (the smallest) and NFP hospitals by 2 peagmpoints. However, after taking
into account the trend that might have occurreth wrivately insured patients
(ARATIO), the changes in uninsured admissions with-B& conditions became
statistically insignificant.

In the last three columns, | examine Medicaid admrspatterns: since the

BBA specifically reduced Medicaid and Medicare htapayments, it could directly
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[Table 2.12] Results of Model | for the BBA: Admisgn Patterns

. . . In(nonER | % (nonER | A Ratio:
N=729 %atg:rl]ns Ine(llé?rl]?s Ilrll(ugéni unins unins nonER/
pday adm) adm) ER
POST97 -0.01 -0.04 -0.02 -0.16 -0.02* -0.1
(0.01) (0.13) (0.13) (0.13) (0.01) (0.13)
POST97xEP 0.01 0 0.02 0.26* 0.04*** -0.07
(0.01) (0.14) (0.13) (0.15) (0.01) (0.14)
POST97xPublic 0.02** 0.1 0.16 0.31* 0.03** 0.31
(0.01) (0.16) (0.16) (0.17) (0.01) (0.22)
POST97xHighFPI -0.01 -0.31** -0.23 -0.26 0.02 0.14
(0.01) (0.15) (0.15) (0.23) (0.01) (0.18)
POST97xHighFPI | 0 0.17 0.13 0.04 -0.03* 0.1
xFP (0.01) (0.22) (0.21) (0.30) (0.02) (0.24)
POST97xHighFPI | -0.05*** -0.38 -0.06 -0.63 -0.06** -0.48
xPublic (0.02) (0.33) (0.28) (0.43) (0.03) (0.46)
Mcare EPI 0 0.02 -0.19 0.18 0 -0.15
(0.01) (0.35) (0.24) (0.32) (0.01) (0.19)
Mcaid EPI -0.07 -1.49*** -1.47** -1.44** -0.12* 0.42
(0.05) (0.52) (0.53) (0.65) (0.07) (1.02)
EpP -0.02*** -0.62*** -0.81*** -0.82*** -0.03** 0.03
(0.01) (0.18) (0.17) (0.16) (0.01) (0.16)
Public 0.06*** 1.02%** 0.94*** 0.86*** 0.06*** 0
(0.02) (0.29) (0.27) (0.27) (0.02) (0.35)
Teaching 0 -0.02 0.01 0.21 0.02 0.21
(0.01) (0.17) (0.16) (0.20) (0.02) (0.18)
Large bed 0 0.93*** 0.96*** 0.75%** -0.02** -0.47***
(0.00) (0.19) (0.16) (0.17) (0.01) (0.14)
0.03*** -0.51 -0.38 -0.63** 0.09** 0.4
Rural
(0.01) (0.38) (0.29) (0.31) (0.04) (0.28)
Other County
Variables & F.E. YES YES YES YES YES YES
R-square 0.61 0.67 0.74 0.7 0.39 0.32
Prob>F 0 0 0 0 0 0.06
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[Table 2.12] continued

— % Mcaid In (Mcaid In(Mcaid
N=729 Adm Adm) Inpday)
POST97 0.02** 0.27* 0.26*

(0.01) (0.14) (0.13)
POST97XEP 0.01 0.09 -0.01
(0.01) (0.18) (0.16)
POST97xPublic -0.03™ -0.38" 0.19
(0.01) (0.21) (0.24)
POST97xHighFPI -0.05™ 0.74™% .67
(0.01) (0.19) (0.18)
POST97xHighFPI 0 0.08 0.15
xFP (0.01) (0.28) (0.27)
POST97xHighFPI 0.02 0.26 0.19
xPublic (0.02) (0.47) (0.49)
Mcare EPI 0.01 0.1 -0.04
(0.01) (0.29) (0.24)
Mcaid EPI -0.37*** -3.24%** -3.34**+*
(0.06) (0.66) (0.62)
Ep -0.01 -0.49*** -0.40**
(0.01) (0.18) (0.17)
. 0.02 0.59* 0.64**
Public
(0.01) (0.32) (0.32)
. 0.01 0.12 0.21
Teaching
(0.01) (0.16) (0.17)
Large bed 0 0.94*** 1.07**
(0.01) (0.19) (0.18)
-0.02 -1.05*** =111
Rural
(0.02) (0.32) (0.20)
Other County Variables YES YES YES
& F.E.
R-square 0.74 0.73 0.77
Prob>F 0 0 0

harm low-income patients even though they had Medicoverage. | find that NFP
and FP hospitals with low Medicaid FPI increasedltiy of Medicaid admissions by
0.27 and the rate of Medicaid admissions by 2 pgacge points. However, public
hospitals with low FPI reduced the log and rat&leflicaid admissions by 0.11 logs
and 1 percentage point, respectively. Compareaspitals with low Medicaid FPI,

those with high FPI significantly decreased thedad rate of Medicaid admissions,
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by 0.75 logs and 5 percentage points respectifélgse findings imply that public
hospitals, i.e., safety-net providers which werpeeted to experience a greater
financial shock after the BBA, lowered indigente#n a greater extent, and hospitals
which were hit hard by the BBA made larger adjustta¢o indigent care.

Table 2.13 shows the results for BBA impact ontipe of services provided.
| expect hospitals to provide more profitable segsibut less unprofitable services
after the BBA, and hospitals with high FPI to makeater adjustments to their service
provision. | find mixed results. The provision abfitable services increased at most
hospitals, especially FP hospitals with high FRI BifrP hospitals with low FPI.
However, only a few estimates have statisticaliygicantly positive values: NICU
days and orthopedic staffs increased by 0.93 &d|06gs, respectively, at NFP and
FP hospitals with low FPI. Interestingly, FP hoalsitwith high FPI increased the
number and proportion of profitable services by2ddys and 0.09, respectively,
which were due to the increases in orthopedic aadepediatric intensive care. The
provision of unprofitable services decreased ah&$pitals with low FPI, as well as
NFP and public hospitals with high FPI. Howevermaf the changes were not
statistically significantly different from zero #ite 10% significance level. Hospitals
with a greater BBA shock, regardless of ownersyges, decreased provision of
obstetric services, the entry point for the indigém contrast, FP or public hospitals
with high FPI increased provision of some of unpatile services: public hospitals
increased free clinic services by 5.36 logs; FPpitals increased burn care, free
clinic, and substance inpatient days. However gtieeno clear pattern of hospitals

cutting back the aggregate number of unprofitabteises.
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[Table 2.13] Results of Model | for the BBA: Servie Provision

Panel I: Profitable Services

In

In

N=729 (coronary) In(CC) In(CT) | (radio/diag) | In(ESW) In(MR1I)
0.46 0.18 -0.08 0.06 -0.17 0.33
POSTO7 (0.58) 041 |(032) | (01D 033) | (0.46)
-1.40* -0.43 0.09 -0.21% 03 -0.03
POSTITXFP =575y 063 (032 |(012) (0.40) | (0.53)
—-0.23 -0.41 0.51 -0.04 0.58 0.05
POST97xPublic =557 (0.65) (0.41) | (0.13) (0.43) (0.65)
POSTO97 112 0.09 0.59 -0.13 0.18 0.06
xHighFPI (0.85) (0.59) (054) | (0.11) (0.47) (0.70)
POSTO7xFP | 1.84 1.29 -0.33 0.21 -0.07 0.07
x HighFPI (1.16) (1.02) (0.56) | (0.17) (0.61) (0.88)
POST97xPublic | 1.2 -0.16 111 -0.06 -0.9 -0.64
x HighFPI (1.73) (1.34) 0.78) | (0.30) (0.83) (1.21)
Other Hosp. YES YES YES YES YES YES
Variables
Other County YES YES YES YES YES YES
Variables
County F.E. YES YES YES YES YES YES
R-square 0.47 0.63 0.58 0.72 0.45 0.46
Prob>F 0 0 0 0 0 0.01
In In In # of %
N=729 IN(NICU) (open (ortho (pediac Profitable | Profitable
heart) pedic) intens) Service Service
0.93* 20.83 0.31% | 0.48 0.08 0.01
POSTSY (0.44) (0.79) (0.14) | (0.31) (0.23) (0.02)
1117 117 -0.26 -0.91% -0.24 -0.02
POSTOTXFP  =0.67) (0.94) ©017) | (0.41) (0.32) (0.03)
| -1.57* 0.84 -0.25 0.14 0.25 0.03
POSTI7xPublic =637 (1.36) 0.19) | (0.69) (0.40) (0.04)
POST97 151 | 0.43 -0.09 -1.06* -0.28 -0.03
xHighFPI (0.72) (1.18) 0.17) | (0.46) (0.35) (0.03)
POSTO7xFP | 2.20* 2.32 051> | 1.77 0.92* 0.09*
x HighFPI (1.12) (1.55) 0.23) | (0.74) (0.49) (0.05)
POST97xPublic | 3.40* 152 0.43 0.49 -0.32 -0.03
x HighFPI (1.81) (2.29) (0.38) | (0.99) (0.75) (0.08)
Other Hosp. YES YES YES YES YES YES
Variables
Other County YES YES YES YES YES YES
Variables
County F.E. YES YES YES YES YES YES
R-square 0.56 0.47 0.7 0.54 0.67 0.67
Prob>F 0 0 0 0 0 0
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[Table 2.13] continued

Panel II: Unprofitable Services

# of %

In(burn In(free | In(obst | In(psy | In(sub | Unprof | Unprof

care) In(ER) | clinic) | etric) chiat) | abuse) | service | service
POST7 0.06 0.2 0.48 0.36 | 0.52 |-0.55* |0.09 0.01

(0.14) | (0.13) | (0.81) | (0.40) | (0.52) | (0.30) | (0.13) | (0.02)
POST97 -0.30* [ 0.02 |-1.28 |05 -0.63 | -0.2 -0.12 | -0.02
xFP (0.16) | (0.18) | (0.84) | (0.53) | (0.67) | (0.32) | (0.15) | (0.03)
POST97 -0.18 |-0.15 |-0.07 |-046 |0.26 |1.18* |0.09 0.02
xPublic (0.21) | (0.23) | (0.86) | (0.83) | (0.72) | (0.55) | (0.19) | (0.03)
POST97 -0.07 |-0.33 |-0.79 |-1.03* |-1.32 |1.07* |-0.22 |-0.04
xHighFPI (0.24) | (0.22) | (1.03) | (0.61) | (0.90) | (0.44) | (0.18) | (0.03)
POST97xFP 0.51* |[0.04 |[210* |-0.83 |1.61 |0.01 0.23 0.04
x HighFPI (0.29) | (0.26) | (1.16) | (0.97) | (1.16) | (0.45) | (0.22) | (0.04)
POST97xPublic | 0.33 -0.08 | 5.36** | 0.72 | -0.51 |-1.74* | 0.46 0.08
x HighFPI (0.48) | (0.48) | (1.50) | (1.98) | (1.54) | (0.73) | (0.43) | (0.08)
Sth.er Hosp. YES | YES | YES | YES | YES | YES | YES | YES
ariables
Sth.er County YES | YES | YES | YES | YES | YES | YES | YES
ariables
County F.E. YES | YES | YES | YES | YES | YES YES YES
Observations 729 729 729 729 729 729 729 729
R-square 046 | 0.38 | 051 051 | 043 | 0.24 0.59 0.59
Prob>F 1 0 0 0 0 0.86 0 0

Results of Model 2 (Hospital Level)

In Model 2, | compare hospitals’ provision of indig care across three types
of markets: markets with a single hospital, markath multiple hospitals where the
indigent care burden is equally spread out (low Hh# reference group), and markets
with multiple hospitals where the indigent caredair is highly concentrated at a few
hospitals (high HHI). | expect hospitals operatimgnarkets with high HHI or acting

as sole providers to make smaller changes in intlicere, since alternative providers

may be unavailable or unwilling to compensate ffierdecrease in indigent care.
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(a) Results for the Medicaid Expansions (Model 2)

Table 2.14 through Table 2.16 present resultshiemMedicaid expansion.
Table 2.14 reports the estimates for hospital Ufaming the Medicaid expansion
policy. Panel (a), (b), and (c) indicate the thmesrket types: markets with low HHI
(reference group), with high HHI, and with a singtespital. Each panel consists of
three blocks each of which represents a differemtesship type: NFP (reference
group), FP, and public hospitals. | make compasdwetween panels, i.e., across
markets in a given ownership type, as well as wifflanels, i.e., across ownership
types in a given market type. In terms of UC anariti care costs, | find that UC
costs declined by 1 percentage point after theresipa at hospitals of all ownership
types and across all markets: among NFP hospitedsjecrease in UC costs was the
largest in counties where multiple hospitals weggerating; if hospitals were operating
as sole providers, they decreased UC costs, buh rostatistically significant
manner. However, FP hospitals actually increasaditgitare by 1.27 logs. No
change or increase in charity care with the deereablC costs indicates that bad
debts incurred by uninsured low-income patientsebesed after the expansion. In
other words, low-income maternity patients may hacerred bad debts before they
were uninsured, instead of qualifying for charigye

Table 2.15 presents results for admission pattdimes first three columns
report the estimates regarding total uninsured ssions, and in the next four
columns, uninsured patients are broken down irgddahget and non-target groups. |
find that total uninsured admissions did not chamgeh after the coverage
expansions, while the composition of the unins@aeehissions between the target and
non-target group changed. The first three colunesvshat none of the changes in
log amounts of uninsured admissions and uninsumeatient days was statistically

significant. However, the uninsured admission rd&seased at public hospitals
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[Table 2.14] Results of Model 2 for Medicaid Expansn: Uncompensated Care

In

%

Panel Explanatory Variables In % (charity (charity
(UC cost) | (UC cost) care) care)
0.35 -0.01* 0.02 0.01
POST92
(0.31) (0.01) (0.46) (0.01)
0.01 0 127+ 0
POST92xFP
@ ) (0.23) (0.00) (0.53) (0.00)
. 0.09 20.01 0.02 0.04
POST92xPubl
XPuple (0.27) (0.01) (0.32) (0.02)
. 20.01 0 20.05 0.01
POST92xHighHHI
*Hig (0.24) (0.00) (0.30) (0.01)
. 0.66 0 1.16 0.01
POST92xFPxHighHHI
(b) g (0.69) (0.01) (1.01) (0.01)
- 0.29 0.01 0.92 -0.04
POST92xPublicxHighHHI
XPUblicxig (0.52) (0.01) (0.79) (0.03)
0.42 0 0.03 0
POST92xsoleh
XSOIeNnosp (0.27) (0.01) (0.27) (0.01)
0.29 0 0.52 0.01
POST92xFPxsoleh
© XPPASOIENOSP 7 g 37y (0.01) (1.53) (0.01)
. -0.65 0.02 0.24 20.03
POST92xPublicxsoleh
XPUDICXSOIENOSE. 75 64y (0.02) (0.69) (0.03)
Other Hosp. Variables YES YES YES YES
Other County Variables YES YES YES YES
Observations 980 980 980 980
R-square 0.46 0.53 0.44 0.5
Prob>F 0 0 0 0
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[Table 2.15] Results of Model 2 for Medicaid Expansn: Admission Patterns

Panel |
.| In(unins: .
N=980 %unins | In(unins | In(unins | In (unins: :qnéﬁruns. non-ER (Anc?r?lglgl
adm adm) Inpday) | target) target) & non- ER)
target
0 -0.11 -0.28 0.12 -0.03 -0.06 0.04
POST92 ©01) (018 ](023) | (034 | (014) | (0.15) | (0.07)
0.01* -0.17 -0.02 0.55* -0.41** -0.51*** | -0.11
POSTO2xFP 0.00) | (015) | (0.14) | (030) | (0.18) | (0.16) | (0.12)
. -0.02* -0.07 -0.1 -0.31 0.12 0.1 0.19
POST92xPublic =501y (0.13) | (0.16) | (0.41) | (0.13) | (0.13) | (0.16)
POST92 0.01 0.09 0.1 -0.85* 0.14 0.1 0.18**
xHighHH]I (0.01) (0.26) (0.29) (0.49) (0.23) (0.23) (0.09)
POST92xFP -0.02 -0.09 -0.2 0.25 0.05 0.12 -0.14
xhighHHI (0.01) (0.33) (0.36) (0.63) (0.30) (0.29) (0.15)
POST92xPublic 0.03* 0.35 0.41 1.55* 0.16 0.46 -0.63***
xhighHHI (0.02) (0.32) (0.36) (0.90) (0.38) (0.53) (0.20)
POST92 0.01 -0.05 0.01 -0.74** -0.15 -0.14 0.16
xsolehosp (0.02) (0.37) (0.44) (0.29) (0.17) (0.18) (0.10)
POST92xFP -0.01 0.07 0.01 -0.4 0.41* 0.48** -0.01
xsolehosp (0.02) (0.39) (0.45) (0.43) (0.23) (0.24) (0.17)
POST92xPublic 0.02 0.24 0.08 0.22 0.42* 0.38 -0.36*
xsolehosp (0.03) (0.37) (0.45) (0.69) (0.22) (0.28) (0.20)
Other Hosp. and
County Variables YES YES YES YES YES YES YES
R-square 0.41 0.48 0.51 0.44 0.46 0.54 0.12
Prob>F 0 0 0 0 0 0 0
Panel Il
In(Mcaid:
% Mcaid | In(Mcaid | In(Mcaid | In(Mcaid: | non-
adm Adm) Inpday) | Target) target)
0 0.15 -0.09 0.86** 0.25
POST92 002 (023 (024 | (042 | (0.16)
0.01 0.07 0.1 0.63* -0.05
POSTO2xFP 000 (018 (023 | (033 | (0.14)
. 0 -0.34* -0.27 -0.76* -0.21
POST92xPublic =565 (0.18) | (0.19) | (0.42) | (0.14)
POST92 -0.01 -0.49** -0.3 -1.48*+* | -0.36**
xHighHH]I (0.02) (0.24) (0.24) (0.55) (0.17)
POST92xFP 0.02 0.57 0.43 0.8 0.41*
xHighHHI (0.02) (0.36) (0.38) (0.77) (0.23)
POST92xPublic 0.03 0.93** 0.86* 2.17* 0.68***
xHighHHI (0.03) (0.43) (0.46) (0.85) (0.25)
POST92 -0.05** -0.73** | -0.60** -1.20%** | -0.68***
xsolehosp (0.02) (0.27) (0.29) (0.41) (0.23)
POST92xFP 0.05* 0.51 0.46 -0.29 0.57*
xsolehosp (0.03) (0.37) (0.37) (0.61) (0.30)
POST92xPublic 0.04 0.90* 0.68 0.81 1.17*
xsolehosp (0.03) (0.46) (0.49) (0.93) (0.67)
Other Hosp. and
County Variables YES YES YES YES YES
R-square 0.32 0.5 0.5 0.45 0.53
Prob>F 0 0 0 0 0
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which were operating in markets with low HHI oriagtas sole providers by 2
percentage points, but increased by 1 percentageippublic hospitals were in
markets with high HHI. On the other hand, the mateeased by 1 percentage point at
FP hospitals across all three market types; tmsastly because they admitted more
uninsured patients among maternity and infant ptgjehose who were potentially
eligible for Medicaid.

Despite their lack of statistical significance, teanges in uninsured
admissions and inpatient days support my hypothkeegpitals operating in markets
with low HHI reduced their numbers of uninsured &hons, by 0.11-0.28 logs, with
the highest decrease at FP hospitals, while hdspipeerating in markets with high
HHI or as sole providers decreased uninsured atms$y smaller amounts or even
increased them. Also, public hospitals clearly velladifferently across markets: in
markets with low HHI, they reduced uninsured adioissates by 2 percentage points,
while those in markets with high HHI or acting asesproviders increased them by 1
percentage point or did not change after the expans

In the next two columns, | divide uninsured patseinto the target group
(pregnant women and infants under age 1) and thearget group (all other
uninsured patients). After the expansion, hosp#atsig as sole providers admitted
fewer uninsured patients in the target group (lIyt dogs for all ownership types), but
more of those in the non-target group (by 0.41 tgsP hospitals, and 0.42 logs at
public hospitals). This finding implies that Medidaevenues generated by the
increased coverage enabled hospitals to extenganticare to those who were not
targets of the expansion policy. In contrast, FBpitals in markets with low HHI
began to admit more uninsured patients in the taygeip at the expense of those in
the non-target group. In markets with high HHI,ilbBP and NFP hospitals

experienced a reduction in uninsured patientsartdaihget group, while public
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hospitals still provided more indigent care to maity patients. The last two columns
confirm that any change in uninsured admissionsmade with those without
emergency conditions.

Panel Il continues to present the results for Maidiadmissions. Overall, FP
and NFP hospitals increased total Medicaid admmssifothey were in markets with
low HHI, but decreased them in markets with highltaHif they were only providers
within markets. Public hospitals, however, appeaoeakct as lenders of last resort,
compensating for the decreased indigent care brtgrhospitals, except for those
operating in markets with low HHI. Not surprisingMedicaid admissions for those
in the target group increased overall, by 0.01-1048, with the increase larger at FP
and NFP hospitals that were operating in marketis multiple hospitals. In markets
with high HHI, public hospitals were still the majaroviders for maternity and infant
patients with Medicaid. In markets with a singlespital, Medicaid admissions for the
target group increased if the single hospital hedFNFP ownership, but decreased if
the hospital was a public entity. This may indicki@ maternity patients in counties
with only one public hospital chose hospitals duheir county after obtaining
Medicaid coverage. The expansion seemed to rduistriother Medicaid patients—
non-maternity and non-infant patients with Medieaials well. For example, in
markets with high HHI, FP and public hospitals pded more care for non-maternity
Medicaid patients, while NFP hospitals saw fewethein. My results suggest that
Medicaid patients were reallocated across hospaféds the expansion: in markets
with low HHI, Medicaid patients in the target growere more likely to use FP and
NFP hospitals, but in markets with high HHI, thegrev more likely to use public or
NFP hospitals. In markets that contained only avephial, NFP and FP hospitals
replaced non-maternity Medicaid patients with nratgMedicaid patients after the

expansion policy.
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In Table 2.16, | explore the impact of the Medicexgansion on types of
services provided. Since | was not able to isdlaequantity of services provided
specifically to the uninsured, any changes thabuil find here mean changes in total
amounts of services provided at the hospital le&gla result, | find relatively small
policy effects on the service provision. Since ¢hisrno reason that the coverage
expansion would change service provision other thaternity and infant care, | focus
on the three services related to pregnant womenrdaiats—Ilabor procedures, NICU
days, and pediatric intensive care. Among theseethonly labor procedures and
NICU days changed in a statistically significantnmer, and the policy changes
differed by ownership status and across the thiad&ehtypes. My results suggest that
the Medicaid expansion may have resulted in sortiergaeallocation across
hospitals. In markets with low HHI, public hospgdbst their maternity patients to FP
and NFP hospitals: public hospitals performed 0o&4 fewer labor procedures, but
FP and NFP hospitals performed 0.41 and 0.31 lage .ntowever, in markets with
high HHI, FP and public hospitals increased thaimhbers of labor/delivery
procedures, while NFP hospitals reduced them. FGtI\tare, public hospitals in all
three types of markets increased NICU days (0.@3-Ibgs), but FP hospitals reduced
them; NFP hospitals increased NICU days unlesswezg sole providers.

Among the remaining services, | will discuss changeemergency room and clinic
services, which are entry points for a majoritymafigent patients. As expected, the
coverage expansion significantly lowered the usemfand clinic services for most
hospitals. Except for NFP hospitals in markets wotli HHI and FP hospitals in
markets with high HHI, the number of ER visits dssed across all hospitals
regardless of ownership or market types. SimildHg, number of free clinic visits
decreased to some extent: the exceptions are N$ftals in markets with low HHI,

public hospitals in markets with high HHI, and ladispitals that were sole providers.
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[Table 2.16] Results of Model 2 for Medicaid Expansn: Service Provision

Panel I: Profitable Services
N=980 In i
(coronary) | In(CC) In(CT) (radio/diag) | In(ESW) In(MRI)
117 0.28 0.54** 0.26 0.64** 0.91
POST92 (0.57) 036) (025 | (0417) 030) | (057)
-0.36 -0.47 -0.59** | -0.23 -0.31 0.04
POSTO2xFP (0.39) (0.34) [ (0.20) (0.16) (0.22) (0.45)

. -0.87 -0.53 -0.33 -0.05 -0.07 0.33
POST92xPublic 75755y (0.46) [ (0.34) [ (0.13) (033) [ (0.69)
POST92 -0.53 0.64 -0.44* -0.43* -0.17 0.71
xHighHHI (0.70) (0.64) [(0.21) (0.19) (0.53) (0.66)
POST92xFP 0.83 -0.17 0.69** 0.43 0.52 -0.33
xHighHHI (0.99) (0.83) [(0.34) (0.30) (0.69) (0.91)
POST92xPublic | 3.45%** 0.17 2.41* 0.4 0.41 0.68
xHighHHI (1.25) (0.84) | (1.34) (0.26) (1.47) (1.62)
POST92 0.15 -0.46* | -0.50* -0.27 0.09 -0.73*
xsolehosp (0.39) (0.25) | (0.27) (0.17) (0.42) (0.43)
POST92xFP -0.76 211 | 1.16%** 0.46* 0.75 1
xsolehosp (0.92) (1.03) | (0.36) (0.24) (0.74) (0.75)
POST92xPublic | 1.48* 0.96 0.89* 0.41* -0.24 0.55
xsolehosp (0.78) (0.67) | (0.54) (0.23) (0.66) (1.13)
8ther Hosp. & YES YES YES YES YES YES

ounty Var.
In In In # of %
N=980 In(NICU) | (open (ortho (pediac | Profitable | Profitable
heart) pedics) intens) Service Service
0.38 -1.06 0.02 -0.07 0.22 0.02
POST92 (0.37) (0.71) [ (0.13) (0.34) (0.23) (0.02)
-0.47* -0.26 -0.16 0.02 -0.30* -0.03*
POST92xFP (0.19) (0.29) [ (0.11) (0.20) (0.16) (0.02)

. 10.01 -0.79* | 0.27* 0.55 -0.13 -0.01
POST92xPublic = ey (043) | (0.13) (0.66) 0.24) | (0.02)
POST92 -0.29 -0.7 0 0.01 0 0
xHighHHI (0.30) (0.65) | (0.14) (0.22) (0.26) (0.03)
POST92xFP 0.44 1.59 0.05 -0.04 0.22 0.02
xHighHHI (0.36) (0.98) | (0.19) (0.26) (0.44) (0.04)
POST92xPublic | 1.03 3.96*** | -0.26 -0.45 1.02 0.1
xHighHHI (1.36) (1.43) | (0.23) (0.69) (0.78) (0.08)
POST92 -1.05 0.19 0.02 -0.02 -0.25 -0.02
xsolehosp (0.68) (0.42) | (0.10) (0.18) (0.17) (0.02)
POST92xFP 0.95 0.22 0.07 -0.12 0.96** 0.10**
xsolehosp (0.75) (0.75) | (0.18) (0.26) (0.40) (0.04)
POST92xPublic | 0.73 0.9 -0.25 -0.52 0.38 0.04
xsolehosp (1.07) (0.61) | (0.21) (0.69) (0.49) (0.05)
Other Hosp. &

County YES YES YES YES YES YES
Variables
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[Table 2.16] continued

Panel II: Unprofitable Services
# of %

N=980 In(burn In(free | In(obs | In(psy | In(sub | unpro | unpro

care) IN(ER) | clinic) | tetric) | chiat) | abuse) | fitable | fitable
POSTO? 0.18 0.02 062 [041 [013 |-0.68 [0.11 0.02

(0.23) | (0.20) |(0.69) [ (0.54) | (0.57) | (0.44) | (0.15) | (0.02)
POST92 -0.02 038 [-06 [-01 [-03 [011 [-014 [-0.02
xFP (0.05) | (0.24) [(0.53) [ (0.40) | (0.30) [ (0.33) | (0.11) | (0.02)
POST92 0.06 -007 [-07 [-0.65 |-0.71 |-0.47 [-0.30** | -0.05*
xPublic (0.12) [(0.19) [(0.93) [ (0.53) | (0.49) | (0.60) | (0.13) | (0.02)
POST92 0.02 -0.35** [-1.26 |-1.51* |1 0.19 |-0.28 [-0.05
xHighHHI (0.06) |(0.16) |(0.97) [(0.77) [ (0.75) | (0.40) | (0.18) | (0.03)
POST92xFP 0.07 0.74 125 [1.95~* 0412 [0.52 |0.60** |0.10*
xHighHHI (0.07) [ (0.55) [ (1.12) [(0.99) | (0.92) | (0.53) | (0.24) | (0.04)
POST92xPublic | -0.04 0.34 3.07 | 247 | 1.37 | 2.07* | 1.14** | 0.19***
xHighHHI (0.15) | (0.28) | (2.18) | (1.09) | (1.36) | (1.23) | (0.43) | (0.07)
POST92 0.07 -0.16 [ 155 |-0.59* | -1.04 |-0.03 |-0.1 -0.02
xsolehosp (0.07) | (0.12) | (1.15) | (0.34) | (0.78) | (0.73) | (0.31) | (0.05)
POST92xFP 0 0.34 -1 052 |1.14 |[046 |0.14 0.02
xsolehosp (0.11) | (0.30) | (1.64) | (0.58) | (1.00) | (0.75) | (0.39) | (0.06)
POST92xPublic | -0.22 0.19 03 |1.28 [264* [122 |06 0.1
xsolehosp (0.20) | (0.24) | (1.67) | (0.92) | (1.53) | (0.96) | (0.42) | (0.07)
8ther Hosp. & YES | YES | YEs | YEs | YES | YES | YES | YES
ounty Var.

Regarding the provision of unprofitable servicashl hospitals in markets
with low HHI or operating as sole providers offeffeder unprofitable services after
the expansion (by 0.30 logs), but those in mank&ts high HHI provided more
unprofitable services due to increases in mateanty substance abuse care. In the
same markets, FP hospitals also increased prowsionprofitable services, entirely

attributed to increased maternity care.

(b) Results for the BBA (Model 2)

Table 2.17 through Table 2.19 present results adéll@ for the BBA. Table
2.17 reports the estimates for UC and charity daomsistent with the results of
Model I, | do not find any statistically significareductions in UC or charity care

after the BBA. In fact, | find that charity carecneased at FP hospitals in all markets
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[Table 2.17] Results of Model 2 for the BBA: Uncomensated Care

In

%

N=729 In % (charity (charity
(UC cost) | (UC cost) | care) care)
POST97 0.07 0 -0.07 0
(0.07) (0.00) (0.12) (0.01)
POST97xFP -0.05 0 1.13*%** 0
(0.13) (0.00) (0.38) (0.00)
POST97xPublic -0.02 -0.01 -0.02 -0.01
(0.08) (0.00) (0.11) (0.01)
POST97xhighHHI 0.09 0.01 0.41*** 0.02*
(0.09) (0.01) (0.15) (0.01)
POST97xFPxhighHHI -0.04 0 -1.33*** -0.01
(0.17) (0.01) (0.43) (0.01)
POST97xPublicxhighHHI | 0.1 0.02 -0.41 -0.01
(0.15) (0.02) (0.49) (0.02)
POST97xsolehosp 0.23* 0.01 0.43 0.02
(0.12) (0.01) (0.26) (0.01)
POST97xFPxsolehosp -0.26 -0.02 -0.61 -0.03
(0.21) (0.01) (1.03) (0.02)
POST97xPublicxsolehosp | -0.13 -0.01 -0.46 -0.02
(0.16) (0.01) (0.41) (0.03)
Other hosp & county YES YES YES YES
variables
R-square 0.58 0.54 0.47 0.46
Prob>F 0 0 0 0

(0.21-1.13 logs), and at hospitals of all ownergiges in highly concentrated
markets (0,21-0.41 logs). Also, hospitals operatiagole providers increased UC

costs by 0.23 logs. It is surprising to see thatBBA had such minimal effects on UC

and charity care or even increased them.

In Table 2.18, | present the estimates for admispatiterns. Again, | do not
find large or significant reductions in uninsurethassions. Hospitals acting as sole
providers actually increased uninsured inpatiegsdey 0.36 logs, and uninsured
admissions by 0.18-0.64 logs, with the smallestease at FP hospitals. After the
BBA, public hospitals admitted more uninsured paseacross all market types. The

next three columns show that non-emergency patamtsng uninsured admissions

154




decreased at NFP hospitals in markets where there at least two hospitals.
However, public hospitals and those that are sipgheiders within markets did not
reduce admissions for non-emergency uninsuredriatie

In addition to uninsured admissions, hospitals hmeaye also made adjustments
to Medicaid admissions. The last three columns siaivFP hospitals increased care
for Medicaid patients: Medicaid admission ratesnbars of Medicaid admissions and
Medicaid inpatient days increased, except at halspiperating as sole providers. My
findings imply that, contrary to my hypothesis, tiespital market conditions did not
generate differential policy effects. Moreover,ther UC nor uninsured admissions

seemed to decrease after the BBA.

[Table 2.18] Results of Model 2 for the BBA: Admisen Patterns

% .
% unins | In(unins | In(unins In(nanR nonER A Ratio:
N=729 adm a(tdm) In(pday) unins (unins nonER/
adm) ER
adm)
POSTS7 0 0.01 -0.05 -0.05 0 0.23
(0.00) (0.09) (0.09) | (0.14) (0.01) (0.18)
POSTI7XEP 0 0.08 0.06 0.27* 0.01 -0.18
(0.00) (0.11) (0.12) | (0.14) (0.01) (0.16)
POST97xPublic |21 0.15* 0.15 0.19 -0.01 -0.1
(0.01) (0.09) (0.09) | (0.14) (0.01) (0.14)
POST97 -0.01 -0.02 0 -0.06 -0.02 -0.24
xHighHHI (0.01) (0.13) (0.13) (0.17) (0.02) (0.17)
POST97xFP 0.02** | 0.15 0.1 0.12 0.03* 0.32*
xHighHHI (0.01) (0.20) (0.19) | (0.23) (0.02) (0.18)
POST97xPublic | 0 -0.29 0.14 -0.54 0.02 0.32
xHighHHI (0.01) (0.22) (0.39) | (0.39) (0.02) (0.20)
POST97 0.01 0.49** | 0.36** | 0.49** -0.02 -0.11
xsolehosp (0.01) (0.15) (0.14) (0.21) (0.02) (0.15)
POSTI97xFP 0 -0.46* | -0.22 -0.66** | 0.01 0.12
xsolehosp (0.01) (0.20) (0.19) | (0.27) (0.02) (0.18)
POST97xPublic | 0 -0.14 0.26 -0.02 0.04* 0.14
xsolehosp (0.02) (0.20) (0.35) (0.22) (0.02) (0.14)
8ther Hosp. & YES YES YES YES YES YES
ounty Variables
R-square 0.44 0.57 0.65 0.6 0.27 0.18
Prob>F 0 0 0 0 0 0
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[Table 2.18] continued

— % Mcaid In (Mcaid In(Mcaid
N=729 Adm A(\dm) In(pday)
POSTO7 0 0.14 0.11

(0.01) (0.10) (0.10)
POSTI7XEP 0.02%** 0.22% 0.17**

(0.01) (0.09) (0.08)
POST97xPublic 201 -0.08 0.1

(0.01) (0.11) (0.11)
POST97 0.02* 0.12 0.08
xHighHHI (0.01) (0.12) (0.12)
POST97xFP -0.02 -0.26 -0.29
xHighHHI (0.01) (0.20) (0.19)
POST97xPublic | -0.03 -0.36 -0.04
xHighHHI (0.02) (0.22) (0.23)
POST97 0.03* 0.56*+* 0.66***
xsolehosp (0.02) (0.20) (0.19)
POSTI97xFP -0.04** -0.83% -0.83***
xsolehosp (0.02) (0.19) (0.19)
POST97xPublic | 0.03 0.14 0.9
xsolehosp (0.02) (0.33) (0.73)
Other Hosp. &
County Varr)iables YES YES YES
R-square 0.35 0.55 0.59
Prob>F 0 0 0

Next, Table 2.19 presents the BBA effects for thiwvise provision. With the
BBA aggravating hospitals’ financial distress, pekt hospitals in markets with low
HHI to make the largest adjustments to the semrogision. NFP hospitals did
reduce many of their unprofitable services afterBBA, with the decrease largest in
markets with low HHI. Notably, NFP hospitals cutndofree clinic visits by 1.67 logs
if they were operating in markets with low HHI aitiag as sole providers, but
increased them in markets with high HHI. Interegiyinpublic hospitals increased
provision of unprofitable services when NFP hodpiteecreased it, but decreased it
when NFP hospitals increased unprofitable servigesexample, ER visits increased
at NFP hospitals in markets with high HHI, but é&sed at public hospitals in the

same types of markets. This finding implies thaPN#ad public hospitals took the
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[Table 2.19] Results of Model 2 for the BBA: Servie Provision

Panel I: Profitable Services
— In In In
N=729 coronary InCC InCT radidiag | ESW In MRI
-0.16 0.47* 0.50* | 0.05 0.06 0.78*
POST97 036) [ (027) (025 [(0.05 |(0.25 | (0.40)
-0.36 0.2 -0.15 -0.12** | 0.34 0.03
POSTO7~FP (0.40) (0.31) (0.22) [(0.05) [(0.31) [(0.33)
. [ 051 -0.71** [ 0.04 0.03 0.14 0.19
POSTO7xPublic =635 —17025) [ (0.17) | (0.06) | (0.28) | (0.49)
POST97 0.26 0.02 -0.01 0.06 -0.2 0.12
xHighHHI (0.38) (0.39) (0.23) [(0.07) [(0.43) [(0.67)
POST97xFP -0.04 0.17 -0.22 -0.11 -0.34 | -0.59
xHighHHI (0.78) (0.65) (0.29) [(0.09) [(0.56) [ (0.76)
POST97xPublic | -0.32 0.02 0.11 -0.41* [-0.34 |-05
xHighHHI (0.55) (0.49) (0.40) | (0.23) | (0.52) | (0.87)
POST97 0.45 -0.24 -0.5 -0.2 0.01 -0.34
xsolehosp (0.39) (0.32) (0.37) | (0.28) | (0.33) | (0.47)
POST97xFP -0.81 0.25 0.9 0.16 -0.18 | -0.11
xsolehosp (1.82) (0.58) (0.99) | (0.30) | (0.46) | (0.68)
POST97xPublic | -0.92 0.63 0.51 0.25 -0.08 | -0.53
xsolehosp (0.63) (0.41) (0.66) | (0.33) | (0.40) | (1.31)
8ther Hosp. & YES YES YES | YES | YES | YEs
ounty Var.
n In In In_ # o_f %_
N=729 NICU open ortho pediac | profit. | profit.
heart pedic intens | service | service
0.13 0.33 0.04 -0.22 0.11 0.01
POSTOY (0.31) (0.44) (0.09) | (0.21) | (0.16) | (0.02)
-0.09 0.05 0.05 0.06 0.27 0.03
POSTI7>FP (0.21) (0.40) (0.12) | (0.17) | (0.17) | (0.02)
. 1-0.05 0.3 -0.01 0.6 0.23 0.02
POSTO7xPublic = e To7  |(014 | (068 |(022 |(0.02)
POST97 0.01 -0.26 -0.08 0.01 001 |0
xHighHHI (0.45) (0.41) (0.16) | (0.37) (0.24) | (0.02)
POST97xFP 0.3 -0.56 -0.07 -0.2 -0.21 | -0.02
xHighHHI (0.58) (0.84) (0.21) | (0.42) | (0.36) | (0.04)
POST97xPublic | -0.26 -0.55 -0.2 -0.58 -0.34 | -0.03
xHighHHI (0.66) (1.17) (0.20) | (0.79) | (0.35) | (0.03)
POST97 0.21 -0.27 -0.08 -0.31 0.12 0.01
xsolehosp (0.35) (0.92) (0.11) | (0.20) | (0.21) | (0.02)
POST97xFP 0.16 1.61 0.13 -0.05 0.07 0.01
xsolehosp (0.78) (1.38) (0.30) | (0.32) | (0.40) | (0.04)
POST97xPublic | -0.51 -1.41 -0.19 -1.16 -0.56* | -0.06*
xsolehosp (0.58) (1.36) (0.18) | (0.86) | (0.32) | (0.03)
Other Hosp. &
County YES YES YES YES YES YES
Variables
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[Table 2.19] continued

Panel II: Unprofitable Services

0,

N=729 In(burn In(ER) In_(f(ee In(o_bs In(_psy In(sub ﬁnor]:rof u/(;lprof

care) clinic) | tetric) | chiatr) | abuse)

serv serv

POSTO7 -0.03 [0.04 [167* (031 [-0.15 [-0.06 [-0.14 |-0.02

(0.11) [(0.07) [0.58) |(0.33) | (0.40) | (0.16) | (0.10) [ (0.02)

0.09 0.11 0.46 0.1 052* [-001 [014 [0.02
POSTOTFP =508y T(0.14) | (0.65) | (0.30) | (0.27) | (0.27) | (0.10) | (0.02)

- 1-002 [0 2.49** [ -0.05 [ 0.2 0.58 | 0.35** | 0.06***

POSTO7xPublic =678 T6:07y (0.69) |(0.28) | (0.31) | (0.42) | (0.11) | (0.02)
POST97 0.37 0.13* [3.15**[-0.14 [0.51 |0.62* | 0.49** | 0.08**
xHighHHI (0.29) [ (0.08) | (1.15) |(0.42) | (0.57) | (0.33) [ (0.19) [ (0.03)
POST97xFP -0.43 [-0.36** | -2 -0.33 [-0.83 [-0.75 |-0.49** | -0.08**
xHighHHI (0.33) [(0.17) [(1.22) [ (0.54) | (0.65) | (0.50) [ (0.22) [ (0.04)
POST97xPublic | -0.15 | -0.26** | -2.83 | -0.32 |-0.25 |-0.73 | -0.47* | -0.08*
xHighHHI (0.25) | (0.12) | (1.90) | (0.50) | (0.75) | (0.52) | (0.25) | (0.04)
POST97 0.05 -0.04 | 0.97 049 |0.34 015 [023 |0.04
xsolehosp (0.11) | (0.09) | (1.52) | (0.47) | (0.44) | (0.17) | (0.20) | (0.03)
POST97xFP -0.14 | -0.07 |-2.43 |-0.64 |-1.97* |0.04 |-0.56* | -0.09*
xsolehosp (0.18) | (0.15) | (2.21) | (0.70) | (1.03) | (0.31) | (0.30) | (0.05)
POST97xPublic | -0.05 | 0.15 -0.72 | 0.75 |-0.07 |-0.88* | 0.07 |0.01
xsolehosp (0.26) | (0.20) | (2.52) | (0.67) | (0.67) | (0.51) | (0.26) | (0.04)
8ther Hosp.& | ves | ves | YEs | YES | YES | YES | YES | YEs
ounty Var.

role of substitute providers in the provision opuofitable services. The number of
unprofitable services, which take a value betwesn 1o six, increased at public
hospitals across all three market types, but deeckat FP hospitals acting as sole
providers. In the case of NFP hospitals, the nurobenprofitable services increased
in markets with high HHI.

The BBA seemed to increase provision of profitadaevices at all hospitals,
regardless of ownership type or market structumvéver, most of the changes were
not statistically significantly different from zerdmong the profitable services,
cardiac catheterization, CT, and MRI proceduressiaeed statistically significantly at
hospitals of all ownership types across all threekats. Interestingly, numbers and
proportions of profitable services increased at MRE FP hospitals regardless of

market type, albeit these changes were not statilstisignificant. However, public

158



hospitals which were operating as single proviaetsally reduced provision of
profitable services. My results suggest that FPMIRE hospitals, regardless of market
structure, reduced indigent care if their finansifiations worsened, while the
financial shock did not force public hospitals taka large reductions in indigent

care.

VIl. Robustness Check

In this section, | conduct several tests to chbekrobustness of my main results. My
first robustness check uses hospital fixed-effeati@bs. The hospital fixed-effect
models control for all unobserved, time-invariaatdrogeneity across hospitals: for
example, inconsistency in UC measurement, hospitaltment styles (preference for
outpatient care for the uninsured), or a degremofmitment to indigent care, will be
controlled for in this fixed-effect model. The réswf the hospital fixed-effect models
are consistent with those in the main analysiss Thplies that my main results are
not confounded by those unobserved, time-invartaodpital-specific factors. Here, |
will discuss differences in the results betweenhsgpital fixed-effect models and the
main analysis.

For Model |, the hospital fixed-effect models prodd identical results for the
Medicaid expansion, but a few of the BBA effectsdiae weak: the decreases in the
number of selfpay admissions at hospitals of athemship type and the increases in
the number of profitable services at FP hospitedsa longer statistically significant
at the 10% level in the hospital fixed-effect estiran.

For Model 2, the hospital fixed-effect models proed the following
differences. For the Medicaid expansion, | find enevidence that the policy change

decreased hospitals’ indigent care burdens by reguwharity care and selfpay
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inpatient days. Hospitals of private ownership wae actively involved with
reducing indigent care: hospitals of FP and NFPeyglmp across all markets, as well
as public hospitals in markets with high HHI, dexsed charity care by 1 percentage
point, while public hospitals in other two typesmérkets (markets with low HHI or
markets with a single hospital) increased them pgr@entage points. Particularly, FP
hospitals reduced the number of non-emergencyaetdmissions across all three
types of market. Several estimates regarding theceeprovision become statistically
insignificant at the 10% level or changed the sigwmmong the three services related
to maternity and infant care, only labor procedwaescorrectly estimated. The policy
impacts remain statistically significant at pulili@gspitals, and the sizes of the impacts
differ across markets: public hospitals in markeits low HHI decreased labor
procedures after the expansion, while public haspih markets with high HHI or
those operating as sole providers increased treegues. My findings imply that
maternity patients might have been more easilyaeated across hospitals if they
resided in markets where every hospital fairly edahe indigent care burden. In the
hospital fixed-effect models, | find no statistiealidence for the decreased amounts of
unprofitable services, while the increased provisibprofitable services remained
statistically significant (at the 5% level) at F&spitals operating as sole providers.
For the BBA, the hospital fixed-effect analysisguces qualitatively similar
results to those in the main analysis, but sontbeftlifferences are as follows: first,
the decreases in selfpay admissions become stalligtinsignificant; second, selfpay
admissions with non-emergency conditions increasdubspitals of all ownership
types if they were sole providers within marketbjlerNFP hospitals decreased them
if there were another hospitals within markets;dhFP hospitals, if not sole
providers, reduced Medicaid admissions, while Fépitals operating in markets

which consisted of at least two hospitals increddedicaid admissions with no
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change in non-emergency, selfpay admissions. Mwssilts regarding service
provision are the same, except for the followingéh first, there was no change in the
number or proportion of profitable services at 1086 significance level in the

hospital fixed-effect models; second, the numbekthe proportion of unprofitable
services increased at public hospitals after th& BBross all three types of market;
third, FP and NFP hospitals also increased thewipion of unprofitable services if
they were in markets with high HHI.

The second robustness check uses different poleasares for the Medicaid
expansion. Instead of using the POST92 dummy Maridlbise the fraction of the
Medicaid eligible population (ELIG), which changeger time due to the generosity
of the Medicaid program. My results remain quallly similar to those in the main
analysis. Since the policy impact could be largeraunties where the eligible
population actually took up coverage, | use anasipecification in which | replace
POST92 with Medicaid caseload, and include intesaderms between the caseload
and hospital ownership types. The results fromdbtamation were also qualitatively
the same as the main results. Finally, | re-estarttag baseline models with year fixed
effects, instead of POST92 or POST97. The resuttstive year fixed-effects are

identical to those in the main analysis.

VIIl. Discussion and Conclusion

Hospital indigent care represents the safety-n&stfresort for the majority of
indigent and uninsured patients (Weissman, 200%% paper examines how hospitals
adjusted their provision of indigent care in resg®to a demand shift (Medicaid
expansion) and a supply shock (the BBA). It isidifft to measure indigent care

because it refers to care offered to uninsureetpttiwho are poor. In this paper, |
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measure indigent care based on amounts of uncomeeinsare, admissions for the
uninsured, and quantities of unprofitable servipesided. Although none of them
perfectly measures the care provided specificalye uninsured who are poor, these
are good proxies available for hospital indigemec&yncompensated care is the sum
of charity care (for low-income uninsured patierasy§l bad debts (for patients of all
payer sources). Uninsured admissions are defingedoan payer source (self-pay)
and include all admissions for the uninsured whalc¢tde low- or high- income.
Considering that a majority of the uninsured arerpparticularly those with
hospitalizations according to the analysis of tHeER% in 2003, using admissions for
total uninsured patients as a proxy for admissfonsininsured patients who are poor
is reasonable. Unprofitable services are definsgth@n Horwitz (2005) and
measured by total amounts of care provided to p&tieegardless of payer source.

| hypothesize that the policy impacts on indigeareowill differ by hospitals’
ownership type and by markets’ level of concertratf indigent care burden among
hospitals. By estimating OLS regressions with tlogiefa hospital sample for 1990-
2000, I find that the policy effects were heteragus according to ownership types:
public and NFP hospitals were more responsivedaldmand shift, but FP hospitals
were more responsive to the supply shock. Regattimgharket level of
concentration of indigent care burden at hospitals, not find statistical evidence
that hospitals operating in markets with low coricaions of indigent care burden
made larger adjustments to indigent care than tbpseating in markets with high
concentrations of indigent burden or acting as pobeiders.

After the Medicaid expansion (the demand shiftsgtals reduced their
amount of charity care, but total uninsured adroissidid not necessarily fall.
Provision of charity care decreased at hospitaldlawnership types across all three

types of markets, with this decrease larger at Bir@Ppublic hospitals. Although
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hospitals’ financial burdens for maternity and imtfpatients lowered after the
expansion, revenues generated from these patigpésaeed to extend care for non-
maternity and non-infant patients who were unindued had non-emergency
conditions, particularly at NFP and public hosital all three types of markets and at
FP hospitals which were sole providers. The in@da®verage also influenced the
service provision related to maternity and pediatare, which varied by ownership
status and market structure, but these changestisLipport my hypothesis.

For the BBA, the adjustments to indigent care weaele mostly by
manipulating uninsured admissions and service prawj rather than uncompensated
care. In fact, it is surprising to see that FP Itatgpacross all markets increased their
charity care provision after the BBA, as did alspals in markets with high
concentrations of indigent care burden. Howeve®? Kbspitals, if operating in
markets in which alternative providers existed ucEti non-emergency uninsured
admissions after the BBA. Public hospitals and ¢hexting as sole providers within
markets seemed to have more constraints on redurdigent care (uninsured
admissions). NFP hospitals in all markets alsdaiek unprofitable services
(primarily clinic services), more so if they wenpesating in markets in which the
indigent care burden is spread out. In contradiliphospitals in all three types of
markets seemed to compensate the decreased indagertty other hospitals by
providing more unprofitable services. Interestingl? hospitals decreased provision
of unprofitable services only when they were saotevyglers, but increased provision
of profitable services in all three market types.

The contribution of this paper is as follows: usligrevious studies (Davidoff
et al, 2000; Lo Sasso and Seamster, 2007) thatdxamined only hospitals’
uncompensated care, | examine several aspectspitélandigent care such as

admission patterns and service provision, in aoldito uncompensated care.
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Moreover, | control for effects of other hospitadsipply of indigent care and
separately examine the BBA effects.

Finally, I will discuss several issues that mauiter consideration, some of
which will be left for a future research agendastithere may be concerns about
crowding-out effects of private insurance coverdge to the presence of charity care.
If the availability of hospital charity care givexentives to marginally low-income
individuals to drop out of private health insuraacel seek hospital charity care,
demand for charity care could increase in markétsreshospitals generously provide
charity care. According to Rask and Rask (2000)riHg (2005), and Lo Sasso and
Mayer (2006), however, hospital uncompensated daes not crowd out private
insurance, although health center uncompensatedway do so. Second, | was not
able to control for hospital paymeniisit might have significant effects on the supply
of indigent care. However, Florida hospitals areggally believed to have had no
changes in Medicaid payments (Lipsetral, 1997); their Medicaid reimbursements
relative to costs stayed relatively constant aB82ercent in the 1990s.

Third, 1 did not consider hospital system membegrsitatus in the construction
of the concentration measure, due to unavailalityata. The potential bias from
ignoring this system status is to decrease theevailthe HHI. According to
Alexanderet al (2009), who studied all hospitals in Florida, @alnia, and Texas for
1989-2003, system-affiliated hospitals provide lemmunity benefits. Although
proportion of Florida hospitals affiliated with Hdacare systems increased from 52%
in 1989 to 62% in 2003, this increase occurredherhid 1990s, and they noted that
the system membership status has been relativatjncously maintained among
hospitals which were already affiliated with syssefp.77). Therefore, | do not expect
that the policy impacts that | find are caused lehange in system status among

Florida hospitals.

164



Fourth, this paper does not examine long-term apresgces of the policy
changes such as conversions, closures, or mevgais) could possibly affect
provision of indigent care. While Needlemainal (1999) and Thorpet al (2000)
found that hospitals converting from public to kghdicantly decreased provision of
uncompensated care, Sloan (2002) found no suclemsedn uninsured or Medicaid
admissions. Since | restricted my hospital samplddse which did not convert
during the study period, | can rule out any conweereffects. However, we need more
research in the areas of hospital mergers andrelesalated to indigent care. Finally,
my analysis is based on Florida, a single statasAisually the case, | cannot
generalize my findings to the national level. Sibo¢h the BBA and the Medicaid
expansions were nationwide health policies thatighbave influenced all American
hospitals and low-income patients, the extensiahigfstudy to the national setting
will provide better understanding of hospitals’ betor regarding provision of
indigent care. Using the AHA Annual Survey dat&did to the State Inpatient

Database (SID), future research can extend thigsiado the national setting.
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CHAPTER 3

The Impacts of SCHIP on Hospital Care for Low-incone Children

[. Introduction

Since the mid 1980s, the U.S. government has madehdous efforts to provide
public insurance coverage for more low-income ¢bitd As a result of the
implementation of Medicaid and SCHIP (henceforthethtaid”) from 1965 to the
late 1990s, the fraction of the nation’s childriattare eligible for free or drastically
reduced-cost health care has gone from less thaertgnt to about 50 percent;
Medicaid is the single largest source of publicltmei@asurance for low-income
children. Expansions in Medicaid have taken pladsvo waves since 1965. The first
took place in the late 80s and early 90s. The sko@s in the late 1990s, through the

CHIP legislation. Figure 3.1 shows the magnitudéhee expansions.
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Mote: This shows the average state, average child age level policy change, as captured by a
simulated eligibility calculator that processes the sample sample through changing state rules.
The v axis measures the percent of the constant sample of children who are eligible for coverage.

[Figure 3.1] Trend in Children’s Eligibility
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The goal of this paper is to examine impacts ofGRBP expansion on hospital
care for low-income children. Previously, two papkave examined the effects of the
earlier Medicaid expansions on children’s hosptions, but there has been no
evaluation of the effect of the most recent expamsbn children’s hospitalization,
other than a few studies focusing on Californiaga2007; Bermudez and Baker,
2005). Exploiting variations in public insurancegddility rules for children by age,
state, and year, we investigate net impacts oftherage expansions on
hospitalization rates, and intensity of care prediduring hospital visits for a data set
representing over 30 states. If the expansion blipinsurance coverage increases
access to primary and preventive care for low-ine@mldren (Newacheck et al,
1998; Dubay and Kenny, 2001; Stevens et al, 2086yRand Kenny, 2007), then
these early medical interventions may reduce halgmations for ambulatory care
sensitive (ACS) conditions, as well as intensitgaffe conditional on admission to a
hospital (efficiency effect). On the other hana gain of public insurance lowers the
marginal cost of hospitalization for families, whimay increase hospital visits as well
as intensity of care demanded (price effect) fbtyples of hospitalizations, depending
on the elasticity of demand. A third possibilitytigt coverage expansions could shift
some hospitalizations that were previously uninduneprivately insured to public
insurance, and this could decrease or increaseatdmsity of services, depending on
financial incentives that result for the hospital.

We study children’s hospitalizations from 1996 @92 in the Nationwide
Inpatient Sample (NIS). We restrict our samplehibdeen aged 0-15 and divide them
into four age categories—children under 1 yearl(ghng newborns), 1-5 years, 6-10
years, and 11-15 years—at the state and year {éviets each age group/state/year

cell, we create a simulated eligibility measuréiadicaid/CHIP that is the fraction of

%9 We also repeat this by single age of child, state, year.
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a nationally representative sample of childrennfftbhe CPS) in each age group who
would be eligible for public health insurance igigen state and year. Using age of
patient, year, and state identifiers of hospitals,merge this state-year-age group
level policy data with the NIS to study CHIP expans.

Our main econometric model is based on a reduawed &pproach with the
simulated measure as a policy variable. We alsdhesestrumental variables method
of Dafny and Gruber (2005), which instrumentedehgibility measure for the CPS
group with the simulated measure. First, we sthayitpact of policy expansions on
hospitalization rates for children, which we theadk down into ACS and non-ACS
hospitalizations. We expect that the expansiorublip insurance coverage will have
an ambiguous effect on hospitalizations for ACSditions (since there are two
opposing forces at work), but increase hospitat ¢ar non-ACS conditions (which
should only experience the price effect). In additio these hospitalization rates, we
study intensity of care during hospital visits,ngshumber of days spent in the
hospital and number of procedures performed pelissilom. Depending on a child’s
counterfactual insurance status had the expansibhappened, we expect different
impacts from the expansion. If the child would h&een uninsured but is publicly
covered due to the expansions, i.e., the targeipgod the CHIP, we expect intensity
of care to decrease for ACS hospitalizations, betgase for non-ACS
hospitalizations. This is because of the efficieany price effects explained above.
However, if the child’s counterfactual insurancats$ would have been privately
insured, but is now public coverage (crowding-dtect), we expect intensity of care
to decrease. This is because private insurancedvw@ve provided higher
reimbursements and thus greater access. We alsmtseffects of policy separately
by insurance status, using the fraction of all ltefipations for children that are

public, private, or uninsured. We find that prioonk did not look at insurance status
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(Kaestner et al, 2001; Dafny and Gruber, 2005)suyoreably due to the uncertainty
regarding the time that the payer source was recdhngpoon admission or at discharge;
we too proceed cautiously with this analysis asnasce coding might be not entirely
reliable.

We find that children’s hospitalization rates irased by 3.9 percent in
response to a 10 percentage-point increase irbiiligifor public health insurance.
The entire increase comes from hospitalizationsgmatzed as non-ACS. We also find
that intensity of care increases both overall andrag hospitalizations in the non-
ACS category: if the fraction of the eligible poatibn increases by 10 percentage
points, length of stay increases by 0.12 days,entiimber of procedures increases by
0.06. For ACS hospitalizations, neither lengthtafysnor number of procedures is
affected in a statistically significant manner (toefficients are small and negative).
Our results also suggest that the increases intabzations are due to an increase in
publicly insured cases. The fraction of Medicaiditalizations increases by 0.10 as
the fraction of children in a state/year/age grongule eligible increases from 0 to 1,
while the fraction of uninsured hospitalization€ldees by 0.06. The fraction with
private coverage does not display a statisticadjgiBcant impact; the coefficient sign
and magnitude are -0.04.

The rest of the paper is laid out as follows: ictia 11, we explain
background information about public health insueapmwgrams for children and
pediatric hospitalizations. Section Il reviews\aoris literature, and Section IV
describes our data and empirical strategy. We dssempirical results in Section V,

and conclude the paper in Section VI.
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II. Background

(a) Public Health Insurance Programs for Children

The Medicaid program was implemented in 1965 withdim of providing health
insurance coverage for low-income individuals. Lim@eme children are its major
beneficiary group, representing about a half of Maid beneficiaries (as of 2006).
From the early days to the mid 1980s, Medicaid caye was available for children of
welfare mothers, which means that the income tloldslor Medicaid eligibility was
extremely low (below 100% of the FPL). In the 1&880s and early 1990s, however,
eligibility income thresholds increased to 133-@&5cent of the FPL, depending on a
child’s age and state of residence. These Medegdadnsions resulted in coverage for
a greater number of low-income children.

Despite this increased generosity of Medicaid, eom& remain about a
significant number of children who are still uninsd, i.e., those who are too poor to
afford private insurance, but too rich to qualidy Medicaid. In 1997, the U.S.
Congress created the State Children’s Health Inser&rogram (SCHIP) in an
attempt to extend the public insurance safety orethfose remaining uninsured, near-
poor children. States were required to furtheraase their eligibility income
thresholds, with their own choice of administratmedel among the following three
types: expansion of the Medicaid program, a sep&@&HIP program, or a
combination of these tw By 2002, most states had increased their income
thresholds up to the minimum of 200 percent offR&. As a result, Figure 3.2 shows
that SCHIP enrollment has more than quadruplechdur®98-2008: it had increased
rapidly for the first five years, from 900,000 i898 to 4 millions in 2003, but has

0 As of June 2007, 14 states expanded the Medicaigtam, 19 states created a separate SCHIP
program, and 18 states run a combination prograenKaiser Commission on Medicaid and the
Uninsured, available at http://www.kff.org/medic&ifi42.cfm).
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[Figure 3.2] SCHIP Enrollment

stabilized since 2003; the annual percentage chiarthe SCHIP enrollment was
101.2% in 1999, 48.6% in 2000, 28.1% in 2001, 9172002, and 4.1% in 2003.

The children’s public insurance programs reimbunsth physicians and
hospitals, although their reimbursement rates@sei than those of private payers. If
Medicaid/SCHIP reimbursed hospital care alone, talspare would increase
regardless of type of diseases. However, since ¢detliSCHIP cover physician care
as well, better access to primary physician caréof@-income children will prevent
some hospitalizations for ambulatory care sensdosmditions. Moreover, having
adequate amounts of physician care before hosatadn is likely to prevent diseases’
development into advanced stage, so that inteaSitgre during hospital visits may
decline. Another factor that could affect hospdaite is a hospital payment system.

The public insurance programs reimburse hospitaedd@wer level than private payers
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(AAP reporf?, 2001; Zuckerman et al, 2009), while a majorityuninsured, low-
income children create hospital uncompensated(eteley and Holahdf, 2004).
Therefore, children who were previously uninsuratidbtain public insurance
coverage are likely to have more hospital care|lerthiose who were previously
privately insured but switch to public insurance@age are likely to have less
hospital care: even though Medicaid DSH paymentsagayments to hospitals that
treat a disproportionately large number of low-imgopatients, as well as dominance
of managed care in private insurance market, &emtanto account, private payer
reimbursements are significantly higher than Medigayments (See if there is any
reference: this info is based on a conversatioh wihospital administrator, John
Rudd).

Like the Medicaid expansions, the SCHIP exparssrarsed two important
issues: low take-up rates and large crowd-out &ff@hore-Shepard, 2000;
Cunningham et al, 2002; Lo Sasso and Buchmueldf42Hudson et al, 2005). States
have made great efforts to address these issuesctmrage take-up and improve
retention, states have developed innovative outrpaagrams, through which they
have disseminated information about their programmsplified application and
enrollment processes, and assisted with those gwoee (Aizer, 2007; Buchmueller et
al, 2008). To reduce crowding-out effects, sevstates have chosen a waiting period
strategy such that a child is required to be ungddor a certain period of time (2-12

months) prior to enrolling in SCHIP (Kronebusch &idel, 2004; Kenny, 2007).

" The ratio of Medicaid to Medicare payments forgits care (initial hospitalization with low
complexity, CPT code=99221) is $47.91/$71.54=0r62001.

2 Based on Hadley and Holahan's analysis of 1998208PS, 29.3% of total pediatric care ended up
with uncompensated care.
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(b) Pediatric Hospitalization: ACS vs. non-ACS Hosftalization

Children’s hospitalizations account for about 8ceet of total inpatient episodes.
Primary causes of pediatric hospitalizations aseases of the respiratory system
(asthma, pneumonia, and bronchitis), various irdast appendicitis, general
symptoms, as well as digestive and kidney dise&sespitalizations can be divided
into two broad categories—ambulatory care sens{th\@&S) and non-ACS cases—
based on whether or not they might have been ptedday better primary care and
greater early medical interventions: ACS conditiares potentially preventable with
timely and effective primary care, while non-ACSddions are not. The ACS
conditions are often called “avoidable,” “discretawy,” or “preventable” ones, while
non-ACS conditions are called “unavoidable,” “nasedetionary”, or “non-
preventable” ones; however, we believe that botlsAGd non-ACS conditions have
some room for discretion, although the scope dafrdison for ACS conditions are
relatively larger. These ACS hospitalizations asedias an indicator of quality and
guantity of primary care or as an objective measurehildren’s health (Kaestner et
al, 2001; Dafny and Gruber, 2005; Aizer, 2007; Goesu et al, 2008). Examples of
ACS conditions are asthma, pneumonia, gastroestatiabetes, nutritional
deficiencies, dehydration, severe ENT infectionsnunization preventable
conditions, and so on. According to McConnochial¢1997), 18 to 28 percent of
pediatric hospitalizations are believed to be amtony care sensitive.

We define ACS conditions based on Internationatk€ifecation of Diseases-9-
Clinical Modification (ICD-9-CM) codes listed in Bray and Gruber (2005), Weisman
et al (1992), as well as Billings et al (1993). &ga) in Table 3.1 includes the ICD-9
codes used to define ACS conditions, while theaesiconsidered non-ACS
conditions. Obviously, these non-ACS conditions loarfurther broken down

according to the scope of discretion. In this paperfirst examine non-ACS
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[Table 3.1] ICD-9 Codes for Chil

dren’s Hospitalizaton

Panel (a): Ambul

atory Care Sensitive Conditions

Condition

ICD-9 Codes

Immunization preventable
conditions

032, 033, 037, 045, 055, 056, 072, 390, 391
070.3, 041.5, 320.0

Grand Mal status and other
epileptic convulsions

345, 780.3, 642.6

Severe ENT infections

382, 462, 463, 465, 472.1, 485, 383.0

Bacterial pneumonia

481-487

Asthma

493

Tuberculosis

011-018

Cellulitis

681, 682, 683, 686

Diabetes

250.0, 250.1, 250.2, 250.3, 250.4, 22%06.6,
250.7, 250.8, 250.9

Hypoglycemia 251.0, 251.2
Gastroenteritis 276.5, 558.9
Kidney/urinary infection 590, 598.0, 599.0, 599.9
Dehydration-volume depletion 276.5

Iron deficiency anemia

280.1, 280.8, 280.9

Nutritional deficiencies

260, 261, 262, 265, 26802281, 268.0, 268.1

Failure to thrive

783.4

Chronic Obstructive Pulmonary
Disease (Acute bronchitis and
bronchiolitis)

491, 492, 494, 496, 490, 466.0, 466.1

Other acute and subacute form
of ischemic heart disease

s411.1, 411.8, 413

Hypertensive Disease

401.0, 401.9, 402.00, 40242.90, 402.0,
403.0, 404.0

Ulcer 531-534

Pelvic Inflammatory Disease 614

Dental 521, 522,523, 525, 528
Other abnormal heart sounds 785.3

Congenital syphilis 090

Panel (b): Extremely Unavoidable Cases

Condition ICD-9 Codes
Broken bones 800-829
Injuries 861-897
Crushing injuries 925-929
Foreign Body Entering Through Orifice930-939
Burns 940-949
Appendicitis 540-542
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hospitalizations as a whole. Then, among the no&&@nditions, we specify
conditions that would unequivocally require hodption, such as broken bones,
burns, and serious injuries (from car accidents, ghots, etc). Panel (b) in Table 3.1
shows the ICD-9 codes for these extreme caseshwiaigce absolutely no room for
discretion. Although we expect “ACS” hospitalizatsoto decrease, and “non-ACS”
hospitalizations to increase after the coveragamesipns, these extremely mandatory

hospitalizations are not expected to change.

[1l. Literature Review

Many studies have examined policy impacts on tgkefuMedicaid, its effect on
uninsurance among children as well as substitutfdviedicaid for private coverage
(Dubay et al, 2000; Baughman, 2004; LoSasso antifBueller, 2004; Hudson and
Selden, 2007; LoSasso and Buchmueller, 2008; SBobeppard, 2008), changes in
medical care utilization (Lave et al, 1998; Joynd acine, 2005; Davidoff et al,
2005; Duderstadt et al, 2006; Seden and Hudsorg; 20@ng et al, 2007; Currie et al,
2008), and health outcomes (Currie and Gruber 1R86ny et al, 2000; Szilagyi et
al, 2000; Lykens and Jargowsky, 2002; Currie e2@08). Studies about take-up rates
and crowding-out effects examined a linear relatom between a fraction of the
public insurance eligible population and a prolhgbfbr each coverage type among
persons in the CPS March sample: the probabilitya®ing public insurance indicates
take-up, and the probability of having private i@ ce suggests crowding-out. They
presented different levels of take-up rates andidnag-out effects. Based on various

data sourcésd and subgroup of childréh past studies unanimously found a positive

3 Most studies used the National Health Insuranceeu(NHIS), while a few used the Medical
Expenditure Panel Survey, National Survey of ChkildiHealth, and National Immunization Survey.
" Most studies examined all children under 19, levesal studies restricted their sample to infants
under age 2, immigrant children, or those with alizdllness.
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association between public insurance expansionsi@aith care utilization, although
it is debatable whether the expansions improvetttheatcomes.

There have been two national studies of the effeekpansions on children’s
hospitalizations, and both studied the early exjpaissbefore 1996. Kaestner et al
(2001) examined the impact of the first wave of Maal expansions on children’s
hospitalizations and health outcomes. Using NI& @¢afl988 and 1992, they found
that Medicaid expansions decreased the inciden&&€&f hospitalizations among
children aged 2-6 from very low-income zip codeaardDafny and Gruber (2005)
studied the impact of Medicaid expansions in the0s3and early 1990s on children’s
hospital care. Using the National Hospital DiscleaBuirvey (NHDS) for 1983-1996,
they found both efficiency and price effects: Medlicexpansions for low-income
children increased total hospitalization rates iamahber of procedures performed at
hospital, while length of hospital stay decreased avoidable hospitalizations did
not display a statistically significant change.

We find only three recent papers that specificsllydy the impact of the
SCHIP expansions on hospitalization rates; alldlstedied the state of California
alone: Aizer (2007), Bermudez and Baker (2005), @adsineau et al (2008).
Cousineau et al (2008) studied Children’s Healthdtives (CHIs), a supplement
program to Medicaid and SCHIP in California, whi@we been developed in 26
counties since 2001. Their findings are also coasisvith those in the previous
literature: showing a negative relationship betweereases in public insurance
coverage and ACS hospitalization rates. BermuddzBaker (2005) and Aizer (2007)
are two studies that examined SCHIP enrollment,isnelation to ACS
hospitalization rates in California. Both studiesiid that higher SCHIP enroliments
reduced avoidable hospitalization rates. In padiguhizer (2007) identified

administrative hassle and insufficient knowledgenagor reasons for low take-up
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rates and used number and presence of bilinguah&trative staff who could help
parents to enroll their children in SCHIP, as veallbilingual advertisements, as
instruments for enroliment rates. Given the unigatire of California, it is hard to

learn how children’s hospitalization has been affden the nation as a whole.

I\V. Data and Empirical Strategy

Data
Our primary source of data is the Nationwide IngatiSample (NIS), part of the
Healthcare Cost and Utilization Project (HCUP),rsgred by the Agency for
Healthcare Research and Quality (AHRQ). The Ni&mationally representative
sample with all patients’ discharge records for 20%).S. community hospitals in
each of several states. The greatest advantagleis ofata set are its large sample size
and provision of detailed information about pateenrige, DRG codes, diagnosis and
procedure codes, payer source, and length of stay.

We use the discharge records from 1996 to 2002Z;iwemcompasses both the
pre- and post- expansion period, and includes 19&®s: for 2002, the NIS contains
about 8 million hospital discharges (1.4 milliom &hildren’s hospitalizations) from
35 states (the 35 states represented here col¥#iro8the U.S. populatioff) for
1996, it contains 6.5 million discharges (1.2 noillifor children’s hospitalizations)
from 19 states (59% of the U.S. population). Tlisgle size is 20 times greater than
that of the NHDS, the other national discharge datace, used by Dafny and Gruber
(2005) (8 million in NIS vs. 375,000 in NHDS in Z)0Although the NIS does not

include all discharge records, using discharge tsigrovided by the NIS, we are

> Kaestneeet al (2001) studied 8 states in 1988, which represe® df the U.S. population, and 11
states in 1992, which represent 53% of the U.Suladipn.
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able to produce estimates for the universe of ltalgmations at the national level. We
obtain population estimates from the Census Bunghich we use as a denominator
in calculation of hospitalization rates.

We select children aged 0-18 who were hospitaltigthg 1996-2002. After
we drop newborrf§, who have a different hospitalization pattern, sample size is
3.6 million. For the main analysis, we further reestour sample to those aged 0-15
(2.7 million) and divide them into four age subgueuchildren less than 1 year of age
(no newborns), 1-5 years, 6-10 years, and 11-1&y€dildren within each age
category are under the same eligibility rules, tesr causes of hospitalizations are
similar. Here, we do not include those aged 16418rder to make our sample
consistent with Dafny and Gruber (2005), but werdatclude this older age group for
a robustness check. We also examine the furthektosvn of our sample into single

year of age (16 age groups for 0-15 years) inabestness section.

Empirical Strateqy

Our objective is to examine the impact of the SCEXPBansions on hospitalization
rates for children and intensity of care duringphtad visits. Model | is our baseline

econometric model, following the specification iaf@By and Gruber (2005).

Model I: Yast=a + 131 ELIGasT + Bz AGE_GROUR + Bg STATEs + [34 YEART + 135
STATE X YEAR + @st

Y ast is the rate of hospitalizations for age grouptatesS, and year T, or another
dependent variable of our interest: hospitalizatates of each type (ACS or non-
ACS), length of stay, and number of procedures. Adspitalization rate is the

number of hospitalizations in the age group/sta@/gell divided by the population

® DRG code 385-391. 5.7 million among 9.3 millicedfatric discharges (61%) are dropped.
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estimate for that age group, state, and year. édeddent variables are used in log
forms: log hospitalization rates, log length ofystand log number of procedures.

The explanatory variable of our primary interedEidG, generosity of public
insurance programs. Our aim is to have a measatedflects the magnitude by
which public health insurance eligibility expanded each group. Following the
algorithm of Currie and Gruber (1995) and many oteeearchers, we simulate
eligibility for public health insurance (Medicaidnéa SCHIP) among children under
19, using a constant national sample from the CR&Msupplements of 1997-2003.
ELIGasT Is the fraction of children in age group A who wbbe eligible for
Medicaid/SCHIP had they lived in state S in yeal fis year/state/age group
instrument captures the generosity of the stataisfip health insurance programs,
which is attributed only to eligibility rules, indendent of other factors such as
differences in income, race, or age distributioglafdren in each state.

We include a full set of dummy variables for staiesars, and age groups in
order to control for any underlying correlationuweéen SCHIP eligibility and
hospitalizations within these groups. As in Dafimg &ruber (2005), we also include
a full set of StatexYear interaction terms in ortbecontrol for other time-varying,
state-specific trends that might be correlated Wi@HIP eligibility policy.

Here, we assume that marginal effects on hospataias result from
beneficiaries of public insurance coverage, sowgéxamine patterns of hospital
care for all children. In order to check whetheamfpes in hospitalizations did
originate from those who obtain public insuranceerage, we break down total
hospitalizations by coverage type—public, privaiegd uninsured—and estimate
Model | separately by insurance status. We usé&#otion of hospitalizations for each
coverage type, as well as the log number of adonsdby insurance type, as

alternative dependent variables.
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V. Results

Descriptive Statistics

Table 3.2 presents descriptive statistics. Theameshospitalization rate is 7.61%, and
the ACS hospitalization rate is 3.38%. On averagédren under 16 who were
hospitalized during 1996-2002 stayed for 3.85 daykreceived 0.79 procedures

during their hospital stays.

[Table 3.2] Descriptive Statistics

(N=732) Mean Standard Deviation
Hospitalization Rates 7.61% 0.10
ACS 3.38% 0.05
non-ACS 4.23% 0.06
ELIG (Simulated) 0.47 0.14
ELIG for CPS 0.40 0.14
Length of Stay (days) 3.85 1.46
Number of Procedures 0.79 0.36

Hospitalizations

Table 3.3 reports the estimates of ELIG for the bera of hospitalized
children and hospitalization rates for total, A@8d non-ACS cases. Panel | shows
that the total number of hospitalizations incredsgd.6 percent if ELIG increased by
10 percentage points. However, this increase isegnattributed to the increase in the
number of non-ACS hospitalizations: the number GfSfhospitalizations increased
by 0.1 percent, but the estimate is small andssizdily insignificant; the number of
non-ACS hospitalizations increased by 8.5 peraghich is statistically significantly

different from zero.
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[Table 3.3] Results for Hospitalization

Panel | (Counts=# of hospitalizations)

In(# of total In(# of ACS In(# of non-ACS
1996-2002 hospitalizations) hospitalizations ) hospitalizations)
ELIG (Simulated) 0.46** 0.1 0.85***
(0.19) (0.15) (0.23)
Main effect (Age
group, state, and
year fixed-effects) Y Y Y
STATEXYEAR Y Y Y
Average (unlogged) 18237.45 7417.58 10819.87
Observations 732 732 732
Adjusted R-square 0.98 0.99 0.97
F test 555.81 618.39 409
p value 0 0 0
Panel Il (Rates: # of hospitalizations/population
1996-2002 In(total hosp’'n rate) In(ACS_rate) In(non-ACS_rate)
ELIG (Simulated) 0.39** 0.04 0.79***
(0.18) (0.16) (0.22)
Main effect (Age
group, state, and
year fixed-effects) Y Y Y
STATEXYEAR Y Y Y
Average (unlogged) 0.076 0.034 0.042
Observations 732 732 732
Adjusted R-square 0.98 0.99 0.96
F test 367.16 587.99 417.08
p value 0 0 0

Note: Robust standard errors in parenthesis
*** gignificant at 1%; **significant at 5%; * sigricant at 1%

In Panel II, our dependent variable is hospitaloratates, number of

hospitalized children divided by population estiesator each age group/state/year

cell. The first column shows that an increase ibligpunsurance coverage of 10

percentage points increased the total hospitabzattes by 3.9 percent. Our estimate

is about half the size of the estimate obtaine®afny and Gruber (2005), who

studied earlier Medicaid expansions with the NHD8nsidering that SCHIP

beneficiaries have lower take-up rates than thadighid counterparts, the size of our
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estimate seems reasonable. Since the fractionildfeml who are eligible for public
insurance coverage increased by 0.20, from 0.38%6 to 0.51 in 2002, this estimate
implies that total hospitalizations increased 8/ percent, or 5.9 additional
hospitalizations per 1000 children (based on awehagpitalization rates for all
children aged 0-15 during 1996-2002). Our findimgply that the price effect
outweights any efficiency gain from better accesgrimary care.

In the next two columns, we decompose total holgtizons into ACS and
non-ACS cases. As with the number of hospitalizegtiabove, we find that the
increase in total hospitalization rates was dudéancrease in non-ACS
hospitalization rates, but not ACS cases: a 10gmage-point increase in ELIG
increased non-ACS hospitalization rates by 7.9¢qu@r(5.6 additional hospitalizations
per 1000 childreff), while ACS hospitalization rates increased byfedcent, which

is small and not statistically significant.

Intensity of Care

So far, we have studied the policy impact on a cha being hospitalized,
i.e., hospitalization decision before admissiongdhsions of public insurance
coverage can also influence intensity of care waehild is hospitalized, i.e., amount
of care after admissions. Table 3.4 presents ewtgriar ELIG for length of stay and
number of procedures, two measures for intensitacé. Intensity of care increased
overall after the SCHIP expansion, but this imgaginated from non-ACS
hospitalizations. A 10 percentage-point increadelifG increased hospital stays by
3.2 percent and number of procedures by 8.2 peraghtaverage values of each

measure used as a baseline, our estimates inQid&telays longer hospital stays and

70.20 (increases in ELIG) * 0.042 (average unavalelaospitalization rates) * 1000 * 0.079 (the
estimate)
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[Table 3.4] Results for Intensity of Care

In(length of stay) In(# of procedures)
Non- Non-
1996-2002 Total ACS ACS Total ACS ACS
ELIG (Simulated) 0.32 -0.02 0.33 0.82*** | -0.09 | 0.73***

0.24) | 019 | ©0.28) | (0.26) | (0.33) | (0.27)

Main effect (Age
group, state, and

year fixed-effects) Y Y Y Y Y Y
STATEXYEAR Y Y Y Y Y Y
Average

(unlogged) 3.85 2.71 4.55 0.79 0.28 1.11
Observations 732 732 732 732 732 732
Adjusted R-square 0.77 0.67 0.66 0.84 0.74 0.68
F test 30.45 38.16 26.01 28.72 72.21 29.56
p value 0 0 0 0 0 0

0.06 more procedures. Compared to Dafny and Gi(@0€5), who found mixed
results regarding intensity of care—decreased keafstay (0.13 days) and increased
number of procedures (0.04 procedures)—after Matliegpansions, we consistently
find that overall intensity of care increased after SCHIP expansions, although the
increase in length of stay is not statisticallyndigantly different from zero.

When we break down these two measures by ACS amd\@& conditions,
however, we find evidence that seems to supportfii@ency theory because
intensity of care increased only for non-ACS hadmations, while there was no
statistically significant change for ACS hospitations. In fact, those who were
hospitalized with ACS conditions were released nouiekly (by 0.005 days) and had
fewer procedures (by 0.003) during hospital visitdjough these estimates are very
small and statistically insignificant at the 10%dk For those who were hospitalized
with non-ACS conditions, however, intensity of carereased in both measures:
length of stay increased by 0.15 days (which isstatistically significant), and
number of procedures increased by 0.08 in a stailst significant manner. Our

findings give stronger evidence for both the paod efficiency effects: the coverage
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expansions increased access to care in overalp(ite effect); patients whose
hospitalization decisions were marginal had bettenary care and thus enhanced
health outcomes before being hospitalized, soth®at hospital stays became shorter,

and they needed fewer procedures (the efficienecgf

Hospitalizations by Coverage Types

In this section, we examine hospitalizations sepérédy coverage type. We
expect that marginal increases in hospitalizatamginate from low-income children
who have public insurance coverage. That meansn@mediatric hospitalizations,
the number of children who come with public heahtdurance should increase after
the SCHIP expansions. Here, we divide total hobpétthons into three subgroups—
Medicaid, privately insurance, and uninsured—anght@admissions for each
coverage type.

Table 3.5 shows that the number of Medicaid admissincreased after the
SCHIP expansion, as did the number of privatelyied admissions. However, the
increase in hospitalizations was larger for Mediadmissions: in response to a 10
percentage-point increase in ELIG, the number ofligld admissions increased by
418, while the number of privately insured admissitncreased by 357. The number
of uninsured admissions decreased by 9.3 percenthé estimate is not statistically
significantly different from zero. In Panel I, wise a fraction of hospitalizations for
each coverage type as our dependent variablesxémnple, the fraction of Medicaid
hospitalizations is the number of Medicaid hospatlons divided by total
hospitalizations for each age group/state/year Agkin, we find that the fraction of
Medicaid hospitalizations increased, by 0.10 if Glihcreased from 0 to 1, while the
fraction of uninsured hospitalizations decrease.0%. Both are statistically

significant at the 5% level. The fraction of prigltinsured hospitalizations decreased
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[Table 3.5] Results for Hospitalizations by Coverag Type

Panel | (counts)
In (# of Medicaid) ne czl;]tsflljerepdr)lvately the IL:]ni(ffscl)jred)

ELIG (Simulated) 0.64*** 0.39** -0.93

(0.24) (0.19) (0.61)
Main effect (Age
group, state, and year
fixed-effects) Y Y Y
STATEXYEAR Y Y Y
Average (unlogged) 7508 9157 882
Observations 732 732 732
Adjusted R-square 0.97 0.98 0.82
F test 347.86 474.45 280.68
p value 0 0 0

Panel Il (proportions)

Proportion of Medicaid Private insurance Uninsured
ELIG (Simulated) 0.10** -0.04 -0.06**
(0.04) (0.05) (0.03)

Main effect (Age
group, state, and

year fixed-effects) Y Y Y
STATEXYEAR Y Y Y
Observations 732 732 732
Adjusted R-square 0.87 0.86 0.72
F test 80.67 115.43 48.07
p value 0 0 0

by 0.04, based on which we can infer crowding-digots, but this change is not

statistically significantly different from zero.

VI. Robustness Check

We conduct several robustness checks and finathaesults are highly robust to
alternative measures and specifications. Firstusethe instrumental variables
method, following Dafny and Gruber (2005). Here,ameate ELIG_CPS, a fraction of

children for each age group in a given year ani sto are actually eligible for
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public insurance coverage in the CPS March sanipis. fraction is different from
the simulated policy measure (ELIG) because weadase the same set of national
sample across states. Since ELIG_CPS is endogbymeture, we use ELIG as an
instrument variable for the CPS group level meastigdigibility. This IV method
produces results almost identical to those fronréiaeiced form.

Second, we include interaction terms between yediage group, and then
state-age group interaction terms as in Dafny andb& (2005). These YearxAge
group interaction terms control for confoundingeett that could be attributed to
different time trends across age groups, whileStadexAge group interaction terms
control for time-invariant heterogeneity acrossesend age group cells. Our results in
Table 3.6 report the estimates for ELIG. When we the YearxAge group
interaction terms, the magnitude of the estimateistheir standard errors both
increase. In the case of ACS hospitalizationse#ignate increases by a substantial
amount and becomes statistically significant. ljnathen we add the StatexAge
group interaction terms, the estimates for total mnn-ACS hospitalizations become
negative and statistically insignificant, while thgtimate for ACS hospitalizations
remains positive and statistically significant. $adindings imply that the changes in
ACS hospitalizations are sensitive to the spedibcs.

Third, we adjust our standard errors for corretatothin states, clustering
standard errors at the state level. Most of theltgsexcept for those concerning the
fractions of hospitalizations by coverage type, aenstatistically significant. Fourth,
among unavoidable hospitalizations, we separateynéne admissions for extreme
conditions that would unequivocally require hodmtion, such as broken bones. At
the margin, we do not expect any changes in thesense cases. Table 3.7 does show
that there is no statistically significant changehis type of hospitalization; the result

is robust to the inclusion of YearxAge group anat&tAge group interaction terms.
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[Table 3.6] Robustness Check for Hospitalization Ras

In(non- | In(hon-
Hospitalization In(Total | In(Total | IN(ACS | In(ACS | ACS ACS
Rates hosp’'n hosp'’n | hopt'n | hopt'n hopt'n | hopt'n
rate) rate) rate) rate) rate) rate)
ELIG (Simulated) 0.64** -0.05 | 0.64** | 0.61** | 0.74* -0.47
(0.27) (0.37) (0.22) (0.30) (0.32) (0.46)
Main effect (Age
group, state, and v v v v v v
year fixed-
effects)
STATEXYEAR Y Y Y Y Y Y
Age
G?oupXYEAR Y Y Y Y Y Y
Age
GroupxSTATE N Y N Y N Y
Observations 732 732 732 732 732 732
R-square 0.98 0.99 0.99 1 0.98 0.99
F test 357.22 | 3113.69 | 695.65 | 3833.92 | 370.25 | 4737.29
p value 0 0 0 0 0 0

[Table 3.7] Robustness Check for Hospitalization Ras of Extreme Cases

Hospitalization Rates for

Extreme Cases (broken bones, In(extreme In(extreme In(extreme
burns, injuries, etc) cases) cases) cases)
ELIG (Simulated) 0.6 0.97 -0.37
(0.62) (0.68) (1.01)
Main effect (Age group, state,
and year fixed-effects) Y Y Y
STATExXYEAR Y Y Y
AGE GroupxYEAR N Y Y
Age GroupxSTATE N N Y
Observations 732 732 732
R-square 0.53 0.52 0.6
F test 74.01 52.79 233.69
p value 0 0 0

This result strengthens our earlier findings altbatpolicy impact on the increase in
non-ACS hospitalizations. In other words, the cagerexpansions help children who
may not seek heath care without coverage to recmgessary hospital care when they

get sick.
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Fifth, we include the upper age group of 16-18 yeds, and redo all of the
estimations in the main analysis. We mentionedwhatlid not include this upper age
group in the main analysis in order to construocb@asistent sample with that of Dafny
and Gruber (2005). Moreover, the primary causeospitalizations for female teens
aged above 15 is pregnancy-related or maternity, carthat the pattern of their
hospital use may be different from that of childnether age groups. For the SCHIP
expansions, however, the increases in income tbi@gskwere larger for older
children, those aged above 11. Therefore, the madgof policy impacts may
increase when we add this older age group to agmai sample. Table 3.8 presents
estimates for the five age groups including 16-@8rylds. These results are
consistent with our main results. For hospitalaatiates, the magnitude of our
estimates is slightly smaller: when ELIG increadsg20 percentage points, there are
5.5 additional hospitalizations per 1000 childréar intensity of care, however, the
estimates are larger and statistically significaptsitive for both measures: in
response to a 10 percentage-point increase in Bei@th of hospital stay increased

by 0.17 days, and number of procedures performeddgmissions increased by 0.10.

[Table 3.8] Results for the Five Age Groups (16-1year-olds included)

Panel | (Hospitalization Rates=# of hospitalizations/population)
In(total hosp’n rate) | In(ACS hopt'n rate) lﬁéggﬂ'g?es)
ELIG (Simulated) 0.35* 0.07 0.73***
(0.18) (0.15) -0.21
Main effect (Age
group, state, and Y Y Y
year fixed-effects)
STATEXYEAR Y Y Y
Average (unlogged) 0.078 0.029 0.049
Observations 915 915 915
Adjusted R-square 0.96 0.98 0.94
F test 208.07 417.72 173.52
p value 0 0 0
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[Table 3.8] continued

Panel Il (Intensity of Care)
In(length of stay) In(# of procedures)

Total ACS ﬁc():ns Total ACS ﬁc():ns
ELIG (Simulated) 0.44** 0.30 0.51** 1.15** 0.42 1.05**

(0.19) (0.15) (0.22) (0.23) (0.26) (0.22)
Main effect (Age
group, state, and year Y Y Y Y Y Y
fixed-effects)
STATEXYEAR Y Y Y Y Y Y
Average (unlogged) 3.76 2.75 4.33 0.91 0.31 1.19
Observations 915 915 915 915 915 915
Adjusted R-square 0.68 0.67 0.66 0.75 0.71 0.62
F test 24.07 38.03 19.72 19.83 50.02 14.25
p value 0 0 0 0 0 0

For non-ACS hospital visits, the magnitude of tegneates is even larger:
0.22 days longer hospital stays and 0.12 more duoes.
Finally, we estimate our model with individual dgesd-effects (single year of age
between 0 and 15 constructs each age dummy), chetehe 4 age group dummies. In
Table 3.9, we find the same patterns as our maintee total and non-ACS
hospitalizations increased in a statistically dsigant manner, while intensity of care
overall and for non-ACS cases also increased tfteexpansions. The estimates for
hospitalizations are smaller than those in the mesnlts, but the estimates for
intensity of care are larger and become statigyisanificant. For ACS conditions,
both hospitalizations and intensity of care de@daalbeit not statistically significant.
These findings clearly suggest that the SCHIP esipas provide greater access to

hospital care and better access to primary care.
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[Table 3.9] Results for Each of 0-15 Age group (18ge Groups)

Panel | (Hospitalization Rates=# of hospitalizations/population)

In(total hosp'n rate) In(ACS hopt'n In(non-ACS hopt'n
rate) rate)
ELIG (Simulated) 0.27** -0.14 0.70***
(0.10) (0.10) (0.12)
Main effect (Age
group, state, and Y Y Y
year fixed-effects)
STATEXYEAR Y Y Y
Average (unlogged) 0.045 0.018 0.027
Observations 2895 2895 2895
Adjusted R-square 0.96 0.96 0.94
F test 636.93 668.09 414.83
p value 0 0 0
Panel Il (Intensity of Care)
In(length of stay) In(# of procedures)
Non- Non-
Total ACS ACS Total ACS ACS
ELIG (Simulated) 0.43*** -0.09 0.54*** | 0.89** | -0.59* | 1.09***
(0.11) (0.09) (0.14) (0.15) (0.34) (0.20)
Main effect (Age
group, state, and year
fixed-effects) Y Y Y Y Y Y
STATEXYEAR Y Y Y Y Y Y
Average (unlogged) 3.64 2.63 4.16 0.80 0.28 1.09
Observations 2895 2892 2894 2889 2892 2894
Adjusted R-square 0.67 0.51 0.63 0.78 0.56 0.51
F test 55.87 42.87 40.98 65.52 55.26 40.74
p value 0 0 0 0 0

VII. Conclusion and Discussion

This paper examines how expansions of public imsig&overage for low-income
children influence incidence of hospitalizatiornvesl as intensity of care during
hospital visits. Since its inception in 1997, tHeH8P has increased numbers of
children with public insurance coverage. We hypsitethat this coverage expansion
could increase or decrease hospital care for lmerre children because of two

counterbalancing effects. First, low-income chitdvého were previously uninsured
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but gained coverage, the major coverage gain grmegdjkely to have better access to
primary and preventive care. This earlier mediotdnvention will enhance their
health outcomes, so that some hospitalizationsheagvoidable (the efficiency
effect). On the other hand, families who now fam&dr out-of-pocket costs with the
gain of public insurance coverage may be moremnglto seek hospital care when
they get sick (the price effect). Based on the skmie, children who are hospitalized
may need less care if earlier medical interventeffectively improve their health
status, while they may demand more care if intgreditare received at hospitals
before gaining coverage was lower than the optiel.

Our findings show that the coverage expansionfofefincome children result
in greater access to and higher intensity of hakpdare. When the fraction of the
eligible population among children aged 0-15 inseshby 0.20 percentage points
from 1996 to 2002, we find that 5.9 per 1000 adddi children were hospitalized,
and that they stayed 0.24 days longer at hosptadshad 0.12 more procedures
performed. These findings indicate that the CHIpagsions provided better access to
hospital care as well as increased intensity o daring hospital visits. However, we
also find that these increases in hospitalizatades and intensity of care were entirely
attributable to those with non-ACS conditions, bat those with ACS conditions.
This finding implies that the price effects balathoeit the efficiency effects: all of the
increase in hospital care came from children winoselitions were not preventable
with primary care (those with only the price ef8¢but children at the margin (those
with both the price and efficiency effects) did nmuatrease hospital care after gaining
coverage. This also suggests that increased pubklicance coverage may reduce
inefficiency in the provision of care: those with@overage are more likely to delay
seeking care, which jeopardizes their health andrgneedlessly higher costs when

they show up in advanced stages of iliness, ovaat emergency rooms with non-
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emergency conditions. However, the coverage ganwages patients to have more
access to primary and preventive care and seeledexzale in a timely manner, which
prevents development of disease into advancedsstagennecessary use of
emergency rooms. As a result, increased publicamae coverage may reduce
potentially high medical costs in the future. Reaisgly, we find no statistically
significant effect of the policy on hospitalizaticetes for extreme conditions (such as
broken bones) which should not have been affedtdtkanargin. Also, our results are
robust to various specifications and different sétsamples.

The impact we estimate for the CHIP expansionmigller than that found by
Dafny and Gruber (2005) for earlier Medicaid expans. Taking into account lower
take-up rates and larger crowding-out effectstier@HIP expansions, however, the
size of our estimate seems reasonable. Our ngxtsste examine policy impact by
race and age of children as well as further breakdoof types of hospitalization by
their scope of discretion. Since non-whites aram@peesented among beneficiaries of
public insurance coverage, we expect a larger pahpact on non-white, low-income

children.
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