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Abstract

Long-distance hospitalizations may represent arorapt phenomenon, especially
with severe pathologies. In this work, we invegegaatients’ elective admissions for
cancers of the digestive system distinguishing betw‘local” hospitals (located in
the region of residence) and “distant” hospitalscdted in long-distances non-
boundary regions). We model patient mobility toveaternative hospitals as a
discrete choice process determined by geograplistdnce, clinical quality and
other hospital-level characteristics and controlgatients’ heterogeneity. We exploit
data on admissions of patients residing in insltialy, occurred in 2013 either
locally or in central-northern hospitals, and estiena willingness to travel of at least
14 km to be cured in a distant hospital for a dyaticrease from the 5to the 28'
percentile. Higher values are found for younger anwle educated patients. Clinical
quality does not affect the choice of local hodpitd&lospital choice significantly
depends on characteristics that proxy hospitalactitreness, with differences
between local and distant providers: commitmentetearch and private ownership
show a positive role only for the latter.
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1 Introduction

Patient mobility for hospital care is a remarkapleenomenon, particularly in those national
healthcare systems where policies that promotednegce have been introduced and citizens are
entitled to choose any public or private provideithe country (e.g. Italy, Denmark, England, the
Netherlands, and Sweden). Studying patient cha@cpatticularly interesting in contexts where
healthcare is publicly funded and where it combiwgh specific features of the system, such as
decentralization, the level of competition betwgeoviders and the development of hub-and-spoke
hospital networks (e.g., Beckert et al., 2012; @ésint and Turati, 2018). In those settings, and
especially when health needs are severe and relojgingy specialized treatments, patients’ choice
patterns might represent a challenge to universadisd equity at the country level.

The extant literature on hospital choice model Hasply examined the key roles of both
distance and quality by using patient-episode lelah and investigating the demand for specific
elective treatments (e.g., Varkevisser et al.,, 20G2tacker et al., 2016). Patients’ choice
significantly depends on clinical quality but is@allimited by distance, so that patients’ willingae
to travel beyond the nearest hospital for theiedaressentially restricted to local hospitals. SEhe
findings derive mostly from studies that have apatiymainly hospitalizations that - because of the
healthcare context or the treatment under analyare characterized by relatively short distances
between patients and hospitals included in theep&si choice set. The resulting patients’ choice
sets include a manageable number of local hospetalsracing the nearest hospital and hospitals
located in contiguous areas (for a review, see Agagleet al., 2017).

In this paper, the choice set of the patient isngef by considering even very distant hospitals.
Studying long-distance hospital mobility has splepdicy relevance in national healthcare settings
where a non-negligible share of patients is obsktodravel long distances for specific treatments
required for severe pathologies, and where theitadspcatchment area is very large (e.g., because

of mobility across non-bordering regions). To thestbof our knowledge, the peculiarities of long-



distance mobility have not been investigated withihospital choice framework. The inclusion of
very distant hospitals originates new research tqpress about the interplay between distance and
quality. Is the (relatively low) demand for distdngh-quality institutes the simple outcome of the
offsetting disutility deriving from higher distarsgeor does the demand effect of distance and
quality change with faraway providers, thus makimgre likely the choice of long-distance
hospitalization?

Understanding long-distance hospital mobility isoakey to nourish the debate about quality
improvements arising from the centralization of gbex treatments in high volume centers (e.qg.,
Gaynor et al., 2005; Learn and Bach, 2010; Avdicakt 2019) and policies of hospital
consolidation and closure (e.g., Buchmueller et28l06; Carroll, 2019). The overall effectiveness
of such policies largely depends on the accessilahd the actual use of specialized care faglitie
by the whole population.

In our empirical application, we study the demaodlbcal and distant elective hospital care in
the Italian National Healthcare Service (NHS). TS is a regionally decentralized tax-funded
system with free-patient choice, comprising 21 aammous regional health services (RHS), in
which patients can be admitted free of charge w (@ublic or licensed private) hospital of the
country. Admissions usually follow a general prétier or a specialist referral. Otherwise, they
might take place after accessing the hospital eemengservices or be due to inter-hospital patient
transfers. In case of admissions taking place detdie RHS of enrolment, hospital reimbursement
is regulated by interregional compensation scheceegered on diagnosis-related group (DRG)-
based national tariffs.Over time, regional heterogeneity has fosteredityudifferentials which
have nourished a high and persistent interregiqratient mobility. Mobility patterns are
characterized by patient flows from southern regidowards hospitals located in very distant

regions of central-northern Italy, despite the tezlacosts of traveling. Data from the Italian

! See Levaggi and Zanola (2004) for a more detailed description of the institutional background; and Balia et al.
(2018) for specific analyses of interregional patient mobility in Italy.
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Ministry of Health (2017) show that, in 2016, 4.8%overall hospital admissions of residents in
the southern - and poorest - regions (the Italzzogiornd took place in the northern regions,
particularly for complex care, with an average ahse (considering the provincial centroids) of
about 725 km.

The Italian case is compelling because the typmaliphery-center pattern characterizing
hospitalizations at the local level de factoreplicated on the national scale. By law, a fell of
services and treatments - the so-called LEA]li Essenziali di Assistenzassential levels of
care) - must be made available in the region ofleese. However, the most important hospitals are
located where the population and economic acts/iiee more concentrated. Likewise, teaching
hospitals and research hospitals providing speeidlitreatment are generally located close to
universities, which are mostly located in the matres of the northern and, in part, central region

We use data on elective admissions in 2013 for lasoys of the digestive system, which are one
of the first two causes of cancer-related deatfGECD countries. Elective cancer treatments often
require a high level of specialization and are Uguzsed on a previously planned hospitalization
and related outpatient treatments. Nationwide etdis of outcome quality, namely post-discharge
30-day mortality rate, are available at the ho$jetzel for digestive system cancers.

To have a clear geographic distinction of closereass distance, we take advantage of the
insularity condition of two regions from Mezzogiorr(Sardinia and Sicily) and only consider
admissions of residents in the local hospitalsheké two islands and the hospitals of the central-
northern regions. The rationale for adopting tiviategy is threefold. First, tr@ze and direction of
the phenomenonEven though central-northern hospitals are vasyadt from the islands and
patients who reside on them need to take a fligha éerry to reach them, in 2013, outflows for
elective care from Sardinia and Sicily toward calatrorthern hospitals accounted for 5.7% of total
admissions. The discharge records used in this slookv that the outflow rate of digestive system
cancer patients is almost twice as large (10.7%)th@ other hand, the share of patients residing in

central-northern regions and moving to the islaisdsegligible (0.16%). Seconthe preservation



of the representativity of the actual choice #et said before, all southern regions are chanazet

by important outflows, but only the two insular i@gs do not accidentally “trade” patients between
each other because of the absence of typical talaflews that characterize bordering “mainland”
regions. Imposing no restrictions on the distarmege, this yields a choice set of alternative
hospitals that at the same time ensures the repegsdty of the phenomenon and is manageable
for empirical modeling. Third, and this rationaterelated to the previous orteg minimization of
spatial autocorrelation and bordering confoundirffeets.Focusing on patient regions of residence
that are not contiguous to the areas where exgriafral hospitals are located allows us to avoid the
econometric issues related to spatial proximity eeglonal bordering effects (which, otherwise,
would drive a vital part of interregional patientohility; see e.g., Balia et al., 2018), with a
negligible loss in the actual choice set (only 063df patients living in Sardinia and Sicily seek
hospital care in the remaining southern regions).

We model hospital admissions within a mutually egole choice framework based on an
individual utility function where the parametershafspitals’ attributes are allowed to vary between
“local” and *“distant” hospitals and unobservabletenegeneity in individual preferences is
addressed by estimating unordered discrete chegession models. Observable heterogeneity is
captured by allowing hospital-level parameters taryv with individual socioeconomic
characteristics. Special attention is paid to ckanigp the substitution pattern between clinical
guality and distance when potential hospitals & ¢hoice set are located at long distances (in the
order of several hundred km). We find that, consmde long-distance hospitalizations, the
reference patient (aged 75 or older and with lowcational achievement) is willing to travel at
least 14 km for a decrease in 30-day mortality faim the 75' to the 28 percentile, well above
the effects detected from the existent literatlitee willingness to travel is higher for younger and

more educated patients.



2 Related literature

Considering hospital choice within a standard frawori of product differentiation, each “provider”
is characterized in terms of both location (diseafrom the patient) and quality. Quality typically
has a multidimensional characterization where, @ing to a classification by Donabedian (2003),
structure, process, and outcome factors play coacuroles. The first two are easily interpreted as
inputs of a healthcare production function whos&ca@me is typically summarized by objective
clinical indicators.

Though structure and process factors are cructardnants of a hospital’s ability to attract
patients (Luft et al., 1990; Tay, 2003), most stésdnave focused on the demand effects of clinical
guality. Special attention has been given to thgaathges of disseminating information on
hospital-level quality, intended to increase demeegponsiveness and, ultimately, improve health
outcomes. When hospital quality measures are nblighy available, and local information or
social interactions influence patients’ choicesmpetition among providers does not necessarily
lead to better health outcomes (Berta et al., 20@6hversely, important effects of clinical quality
are usually found when public reports on hospitatcomes are released (e.g., Pope, 2009;
Varkevisser et al., 2012; Chou et al., 2014).

Some studies have raised doubts about the primaaylirocal quality vis-a-vis different
outcome measures, and both structure and procgtsssfaGoldman and Romley (2008) found that
an increase of one standard deviation in an agtggegaasure of “amenities” in hospitals in the
greater Los Angeles leads to an increase in hésjgtaand (pneumonia patients) of approximately
38.5%, whereas analogous variations in clinicaliyugield much smaller variations. Gutacker et
al. (2016) found that self-reported outcome measplay a prominent role in patient choice for hip
replacement, whereas hospital demand is less reiseoto clinical quality indicators (death or
emergency readmission rates) that, for hip replacgmepresent extremely rare events.

A stream of literature has focused on the tradebetiveen quality and distance that arises

when considering the interplay between centrabizatf specialized treatments, hospital closures
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and effective access to care. The closure of shasipitals usually involves an increase in average
guality. Nonetheless, for some population compaéseniors, low-income, ethnic minorities, and
less educated people) distance may representausdrurdle. Buchmueller et al. (2006) do not find
negative effects in terms of access for patholotpesvhich timely care is relatively less crucial
(cancers and chronic heart diseases), whereagptissistic results are found for preventive care
(e.g., Lu and Slutsky, 2016) and time-sensitivattreents (e.g Avdic et al, 2016; Carroll, 2019).
Most previous studies compare the impact of qualitydemand to the (negative) effect of
distance. In part, this comparison is performedabse empirical analyses are based on a discrete
choice econometric framework, which identifies eféeup to a scale factor, consequently requiring
an interpretation of the results in terms of maagnates of substitution (MRS), which measure the
patient’s willingness to travel (WTT) to receivettee care. In part, this also depends on the fact
that hospital care is an industry in which - diffietly from most primary and manufactured goods -
the “service” can only be purchased in the placgrotuction, so that geographical distance is
crucial in the consumers’ decision process. Thestexj evidence, based on relatively short
movements, demonstrates that patients are notwiliyg to travel to be treated in higher quality
hospitals. For example, in Romley and Goldman (200kdicare patients’ WTT for pneumonia
treatment ranged from 2.41 to 3.94 miles to betdcban a hospital with quality at the %5
percentile of distribution rather than at thé"2&rcentile. In Chandra et al. (2016), AMI Medicare
patients’ WTT for an increase of 1 percentage pmimisk-adjusted survival and readmission rates
ranged from 1.1 to 1.8 miles. Moscelli et al. (2Pidund that patients’ WTT for hip replacement
surgery to avoid a deterioration of one standandadien in quality, was up to 0.5 km. Raval and
Rosenbaum (2018) found that choosing a hospittiea7s" percentile of the quality distribution
instead of one at the 'ﬁEpercentiIe was worth traveling up to 17 additiomahutes (which is a

98.7% increase in travel time).



3 Empirical approach

The decision about whether and where to be hosathls a complex process where the patient,
her family/friends, and GP can play a role. Henafdor simplicity, we will refer to the patient’s
choice. However, as in most existing studies, wenot observe who actually “drives” hospital
choice.

We model patients’ demand for elective hospitalecéor digestive system cancers by
considering each hospital admission as the redudt tChoice” by patienti over a set ofh =
1,2, ..., H mutually exclusive hospitals. This choice is ddsst by a random utility specification:

Uin = Bady + Bqqn + A'xy + 04(2; ® dy) + 0,(qrz;) + 03(2; ® x3) + & (1)
where d;, is the distance (expressed as ranorder polynomial) between the hospital and the
patient’s place of residence, is a measure of the hospital’s clinical qualityda;, includes other
hospital attributes. All these variables are intezd with the observable individual characteristics
(age, education, and gender) to allow for obseevaisbeference heterogeneity among types of
patients as captured by the parameter vedigr,, andé,.

Because we aim to assess whether patients’ utisitydifferently affected by hospital
characteristics depending on hospitals being inahea of residence or at long distances, we
propose an augmented version of equation (1), wharameters are allowed to vary between two
groups of alternatives, represented by local hakgpdn the two islands, and distant hospitals én th
Center-North of Italy. The new utility specificationcludes a set of interactions between hospital
attributes and an indicator variaklg, which equals 1 if the hospital is in the patisnigion of
residence:

Uin = Badn + BrLa(Lndy) + Baqn + Brg(Lnqn) + A'xp + A1, (Lpxp) +

+0,(z; ® dp) + 04(qnz) + 0 (2; ® x) + &4, (2

For the reference patient who opts for long-distahospitalization, the marginal utilities of

distance, clinical quality, and other hospital ibtites are respectively recovered from the



parameterg ,, ﬁq, andA. For patients choosing local hospitals, the aralegnarginal utilities are

obtained from the algebraic sungs, + B, ,, B4 + Brq, anda + 4.

By assuming that the individual random componerdg, capturing the unobservable
determinants of a patientischoice, are independently and identically distiolu(i.i.d.), with the
type 1 extreme value distribution, equation (1) barestimated using the “conditional logit” model.
The previous assumption leads to the independehtieeadirrelevant alternatives (IIA) property,
which may prove very strong when the number ofralteves is large. In general, it is advisable to
test for the IIA and estimate models that are rolasits violation. Therefore, we estimate a
“heteroscedastic conditional logit,” which fullylages the IIA by allowing the variance of the
unobserved heterogeneity to vary across individuaddlowing Hensher et al., (1999) and Hole
(2006), the scale parameter is modeled as a funaifoobservable individual characteristics,
yielding the so-called parametrized heteroscedastitinomial logit modef.

Flexibility in the random utility model can also bbtained with the “mixed logit” model, which
obviates the IIA limitation by allowing for randomaste variation and unrestricted substitution
patterns (Train, 2009). We propose a specificatibvat addresses unobserved patients’
heterogeneity in preferences over quality and dcsta Effects related to quality might capture
individuals’ diverse abilities to receive and pregenformation about the clinical quality of care.
Those related to distance might capture differencgsreferences for traveling for care deriving
from the presence of a support network (family wends) close to a hospital. The source of

knowledge provided by similar networks can lesgendisutility of distance by reducing the costs

of getting information about the hospital and tbets of accommodatich.

? The “nested logit”, which only partially relaxes tHé property and presents serious drawbacks incémse of
many choice alternatives (e.g. Bath, 1995, forittes not considered appropriate in this appiarat

* As discussed in the Introduction, in the Italiasesainter-regional migration dynamics are charameerby large
flows of people from southern regions, particul&Bbrdinia and Sicily, towards northern-central oegi
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4 Data

We use patient-level data from the Italian hospiiatharge records (SDO) on admissions for
treatments for digestive system cancers of patientslled in Sardinia and Sicily, the two main
Italian islands located in the South of the countigcurring in the year 2013. Our working sample
is 4,508 elective admission episodes in 46 diffeparblic and private Italian hospitals. We enrich
the SDO data with information from other administf@ sources. We assign an indicator of
geographical distance (between patients and héspitaeach admission recorchlculated as the
(Euclidean) distance in kilometers (km) betweenddetroid of the LHA of enrollment of patients
and hospitah. Hospitals in the choice set can be located withenregion of residence (within the
LHA of enrollment or in one of the others) or inyaregion of the north-central region of Italy. An
accurate specification of the relationship betwdetance and the probability of choosing from a
large choice set of hospitals is crucial to obt@asonable estimates of the MRS between distance
and hospital quality. Non-linear specificationslod distance effect have been proposed by existing
studies: either quadratic specifications (e.g. Reiclet al., 2012) or cubic specifications (e.g.
Moscelli et al., 2016). Distance is expected t@etffa patient’s choice negatively: it should captur
the disincentive effect of seeking hospital careajuheir Local Health Authorities, or even region
generated by the cost of mobility.

We include a measure of clinical quality releasgdh® National Agency for Regional Health
Services. This measure is the 30-day risk-adjustedality rate after malignant neoplasm colon
surgery, calculated at the hospital level for adiniss that occurred between January 1, 2007, and
November 30, 2012.The timing is particularly convenient becauselamntees that the current
choices (i.e., hospitalization occurred in 2013)rea affect health outcomes and hence the level of
quality adopted, thus ruling out the risk of endugjgy. Even the time at which the quality indicator
was released (end of the year 2013) is relevardusecwe can reasonably assume that it was not

available to patients to make an informed choicenétheless, because information about quality

* See Appendix A.1 for additional details and dis@rs®n this clinical quality indicator and the soeof data.
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differences among hospitals is spread among thelaiogn, at least through informal networks, we
expect that the lower the value of the quality @adlor, the lower the probability of a hospital lgein
chosen.

We control for potential hospital size effects lsyng the information on the number of beds and
distinguish between teaching and research hosggdlser public or private) and licensed private
hospitals. Compared with other hospitals, teackimics might attract more patients because their
mission and commitment to research make them niloely Ito provide state-of-the-art treatments
using advanced technologies. Private ownership tmigtuence hospital attractiveness through
more flexible management of waiting liStthe availability of more personalized care plars] the
provision of both more and better amenities. Pevabspitals are also known to have strategic
incentives to attract extra-regional patients (ekattore et al., 2014; Brenna and Spandonaro,
2015). Finally, because we expect that patients kespitals specializing in complex cases, mainly

if their health condition is severe, we include bmspital case-mix index (CMI).

5 Resaults

51 Summary statistics

Table 1 shows how patients moved for hospital cApmroximately 22.1% of patients chose a
“local hospital,” i.e., stayed in their region, laltose a hospital belonging to an LHA differentiro
that of their enrollment. The fraction of patiertgpassing the closest hospitals decreases with
distance but is still very high for longer distasicd1.3% of patients bypassed hospitals located 10
km from the closest one, 29.4% bypassed those &tn3@nd 26.2% bypassed those at 50 km.

The average distance to local hospitals is 42.3 tken;closest hospital is approximately 3 km
away, and the most distant hospital is locatedfkeh away. These figures clarify that restricting

the choice set at a specific threshold distanceg.,(80 or 50 km) would impose an arbitrary

> Information on waiting time for the Italian NHS isually available only at the regional level (esge Riganti et
al, 2017).
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selection to the data. The fraction of patientsositty one of the (extra-regional) distant hospitals
quite high (approximately 16.9%). These hospita¢ésat an average distance of 759.9 km, from a
minimum of 285.7 km up to a maximum of 1099.1 km.

Admissions also differ regarding both quality anthen hospital characteristics. For all
admissions, the average 30-day mortality rate endfiosen hospital is approximately 5.7%. This
value is 0.32 percentage points higher in localphals and approximately 1.6 points lower in
distant hospitals. The average hospital size gelain the group of “distant” admissions. The same
applies to the CMI index, meaning that patientwedliag farther for care end up in hospitals
specializing in complex cases. Only 31.1% of “clas@missions occurred in teaching and research
hospitals, compared with 69.7% in the group of tah$’ admissions. Similarly, the share of
admissions occurring in licensed private hospitalggher in distant hospitals (42.7%.0.04%).

Considering patients’ characteristics, we note "o of patients are women, and this sex
composition is constant between admissions to Ideadpitals and distant hospitals. Most
admissions refer to individuals aged 65-74 years (@5.6%). In line with the well-known
socioeconomic gradient in health, most admissioa®fpeople with low levels of education (none
to lower secondary education). Long-distance habpd#tions are characterized by a much smaller
share of the oldest individuals (13.4% vs. 29.5%doal hospitals) and a consequent higher share
of younger age classes. Conversely, the fractiand¥iduals with low levels of education is more
substantial in local hospitals, whereas the fractibhighly educated individuals (those with tawfia
education) is almost double in distant hospitalablé 2 also shows that the proportion of
admissions in distant hospitals decreases witthagecreases with education. The oldest and least

educated patients appear to be less likely to itfaveare.

® This is the distance between north-east Sardimiatae closest hospital in Lazio. It can be covesely by ferry or
airplane.
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5.2 Estimation results
Table 3 first reports estimates from a conditidogit model for a baseline specification that only
includes clinical quality, distance, and other htadpattributes (Model 1). All coefficients are
interpretable (up to some adjustment) as margiriditieas (or disutilities). As expected, the
“gravitational pull” of a hospital is positively fafcted by both its size and specialization in carpl
cases. The coefficient tdaching and research hospitals, as well as prhvapitals, is positive and
significant, consistent with the arguments preskmteove. The disutility of distance is confirmed
by the negative sign of the coefficients and isdicantly shaped by the cubic specification. The
estimation of a third-order polynomial allows usdetect the existence of non-linearities in the
shape of the marginal disutility of distance. Theficient of the 30-day mortality indicator does
not exhibit the expected negative sign. This caumtigtive result is confirmed when estimating a
model consistent with equation (1) that includesractions between individual characteristics and
all hospital attributes (Model 2). For this andthi subsequent models, the reference patient is an
elderly (75 years or older) male with a low levekeducation (up to primary education).

The last three columns of Table 3 show the restdts the estimation of equation (2), where
interactions between hospital characteristics dred ihdicator variable for hospital location are
included, thus yielding separate coefficients fospital characteristics of distant hospitals (upper
part of the table) and local hospitals (bottom péuthe table). All models (the conditional logit in
Model 3, the heteroscedastic conditional logit inddl 4, and the mixed logit in Model 5 where the
polynomial of distance and clinical quality areoated to vary randomly across observations)
provide evidence of a substantial change in tHenagtd coefficient of clinical qualityThe 30-day

mortality rate is significant and negative in tlese of distant hospitalizations: as the mortabtg r

’ For sake of completeness, point estimates foeghassors are reported in the Appendix.

® The mixed logit has been estimated assuming noyriatributed random coefficients for quality andtdnce. This
choice is useful when there is agoriori on the signs of the squared and cubic term optignomial of distance. We
have nonetheless estimated two alternative spatidiics: a first one, where only quality is lognotmalistributed; a

second one where even the polynomial terms areotogally distributed. In the latter specificatioretfirst and third

terms of the polynomial, with a negative sign ir tbonditional logit model, have been transformet ipositive

variables. Results are unaffected by changingphbeification of the random variables.
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increases (quality decreases) the probability ahdistant hospitglis chosen by patiemtdecreases
(hence, the marginal utility of quality is posit)véiowever, clinical quality does not exert the sam
effect in local hospitals, for which the coefficiers not statistically significant and can be
interpreted as a null marginal utility of qualityhe quality signal not only does not vanish with
distance but also seems to strengthen for longualist mobility. Though the McFadden-Hausman
test in Models 3 strongly rejects the A propergsults hold even when relaxing it in both Models
4and 5

Models 3 to 5 provide evidence of other differenlbegveen distant and local hospitals. For the
former, the complexity of treated cases seems magpertant than for local hospitals in increasing
the likelihood of a hospital to be chosen (the ficeint is twice as large), whereas hospital sias h
a larger effect for local hospitals (the coefficiaa approximately three times that of distant
hospitals). Teaching and research hospitals andaterihospitals have a significant positive
probability of being chosen only if located in tlkentral-northern regions. This result can be
explained by the role played by these types of igerg in Northern Italy, where they are often at

the forefront of medical research (many of themuemeersities).

5.3 Robustnessanalysis

We assess the robustness of the previous findingdriefly extending the analysis by
considering: i. an additional, more specific, iradar of long-distance accessibility; ii. all types
hospital admissions. For the sake of brevity, ahly estimates from the mixed logit model are
reported.

The first check is motivated by the fact that themme use of the Euclidean distance (in
kilometers) between patients’ residences and halspitay be criticized on the basis that it fails to
capture the actual accessibility difficulties ofi@en destination. As a refinement, and because of

the importance of flight transportation on longtaiges, we have estimated a specification of the

® similar results, available on request, were obtaifieth the estimation of a nested logit model whiealternatives
were framed within two mutually exclusive nestsd@tant and intra-regional hospitals and patidwatracteristics were
included to model the choice between the two nests.
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model that includes a connection dummy, which taledge 1 when there is an airport both in the
LHA of enrollment of patients and in the LHA of hospitah.'® As reported in column (6) of Table
4, the coefficients of the polynomial terms of diste are largely unaffected by the inclusion of thi
connection dummy, which is positive and statislycaignificant as expected. The main results and
conclusions derived from Models 3 to 5 are ovemhfirmed even for the other variables
considered in the model.

With the results reported in column (7) of Tablew& can verify whether our main findings
display a more general validity, even when congigefnon-elective) admissions ensuing a referral
from other hospitals and emergency services. Nbt these hospitalizations represent a large part
of admissions, mainly at the local level, but atsight substantially differ from elective admissions
because of the major role played by hospital dscfor headquarters of the regional emergency
care service) choosing a hospital-to-hospital fean@r a destination hospital of the ambulance).
These decisions are based on an information setigh#ot directly available to patients and, in
principle, could change the overall role of clidicquality, distance and other hospital
characteristics. As can be seen, the main regolts Models 3 to 5 in Table 3 are confirmed. For
distant hospital attributes, the estimated effactlumn 7 are slightly smaller for clinical qusl-
perhaps because non-elective admissions typicattyran regional hospitals — and slightly higher
for the case-mix index and the private nature afpitals. For local hospitals, clinical quality does
not seem to drive the choice even when considerargelective admissions, while the probability
of a local hospital to be chosen significantly éases when the hospital is either devoted to

teaching and research or is a licensed privateitabsp

54 Willingnessto travel
Estimates from discrete choice models are oftem usemeasure the WTT of the reference

patient. The WTT is the MRS between quality andasise and is usually evaluated using the mean

% we thank an anonymous referee for suggesting us this specification. Regarding 2013, we could not recover the
actual map of direct flights that were in place between the Italian airports in that year. However, connections are
certainly favored even when only flights with an intermediate stop are available.
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or median sample distand®’TT = —f,/MDD (i.e., the number of km a patient is willing tavel

. . . 2
for a one-unit change in quality), wheVDD = g, + %dpm +

38,3
1000

(dpm)2 is the “marginal
disutility of distance” computed at a given distampercentiled,.,.). Because the evaluation point
matters when dealing with a non-linear specificatod distance, we calculate the WTT all along
with the whole distance distribution. As in Rombayd Goldman (2001), Chandra et al. (2016), and
Raval and Rosenbaum (2018), we also simulate feetefof changing the clinical quality from the
75" to the 28 percentile.

Table 5 compares the WTT calculated all along withdistance distribution for hospitals in the
central-northern regions, using the conditionalit|odpe heteroscedastic conditional logit, and the
mixed logit. Results suggest that estimates argorebly stable, with the mixed logit yielding the
lowest values. For lower distances, the refererateemqt is willing to travel between 59.3 and 65.1
km more (at the % distance centile) and between 77.5 and 89.1 knentat the 19 distance
centile) to be cured in a hospital whose mortatitye moves from the 5o the 28' percentile. For
more considerable distances, the WTT decreaséstakes values between 21.6 and 36.6 km at the
95" centile, and between 14 and 21.7 km at the maxirdistance. Results from the robustness
analysis (last two columns of Table 5) do not &ftee general findings on patients’ WTT.

The overall behavior of the WTT can be appraisethatbottom graph of Figure 1, which also
reports the disutility of distance (top graph), ahd MDD (central graph). The Figure is based on
the most conservative estimates (those from thesdniggit) and considers two types of patients:
the reference individual and a ‘young’ individu&®-49 years old) with tertiary education. The
shape of the MDD is in line with the existing laéure. We highlight that the MDD curve is
characterized by a nonsignificant area between 282 and the 486 centile of the distance
distribution, in the neighborhood of the inflectipnint of the cubic function (as shown in the top
graph), corresponding to the local maximum of thBDMfunction in the central graph. MDD
decreases (in absolute value) with distance atetthef the nonsignificant area (i.e., for relative

shorter distances), whereas it increases at th# (iglatively longer distances) for both the
16



reference patient and the younger, more educathdidaal. However, for each distance interval
where estimates are statistically significant, ffeeinger, more educated patient always has a
smaller disutility of distance.

The bottom graph illustrates the shape of the Whd the range where our estimates are
significantly different from zero. The nonsignifitaarea of the WTT is between the™and 4§
centile of the distance distributidhBecause of the different sign of the slope ofNti2D curve at
the left and right of the nonsignificant area, YW&T curve increases with distance at the left part
and decreases at the right. The WTT of the compargatient is always higher, following the
smaller MDD commented previously. This result edteto long-distance hospitalizations existing
findings that highly educated individuals betteplex the concentration of cancer treatments in

specialized centers (e.g., see Fiva et al., 2014).

6 Conclusions

Our analysis of the mobility for neoplasms of thgedtive system mainly supports our conjecture
that long-distance hospitalization is a partiallistilct phenomenon vis-a-vis short-distance
mobility. Based on an individual random utility fn@work where the hospitals’ attribute
parameters can vary between “local” and “distard$pitals, we find that patients’ choices are
sensitive to variations in a hospital’s clinicakdjty, even if it is located several hundred kilders
away, as is the case when considering the distaaetweeen the two main Italian insular regions
(Sardinia and Sicily) and the Center-North of Itahs reported in our descriptive analysis, on
average the quality differential between these aneas of the country is relevant. Albeit in 2013
public release of information was lacking, paties¢®m to have been able to collect this kind of
information and look outside their neighborhoodseiteive better care. Conversely, clinical quality

does not seem to be relevant in the choice of lboapitals. This raises concerns about those

! Considering the conditional logit, the heteroscéidasonditional logit and the mixed logit all toher this area
ranges between the"1@&nd 57" centiles.
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patients who choose local hospitals for elective ¢mostly low educated and very old individuals,
as shown in the summary statistics section) becthese might be less likely to exploit better
healthcare services. For these individuals, capilleferral services are needed to complement the
free patient choice mechanism.

The marginal disutility of distance for distant paalizations is lower than that for local
hospitals and is hump-shaped. This finding indEdkat patients are initially less concerned with
additional traveling distance. The effect interesfionly when extremely long distances are
involved. Combined with the high sensitivity to gpdistance clinical quality, this yields substahtia
values of WTT, as reported above. A clear posigdeication gradient in WTT is found. This
confirms concerns about patients’ ability to accih&s best available care for severe pathologies,
and consequently on health outcomes, when provalerdocated faraway for either geographical
reasons or planning policies.

In some respects, the previous findings are goagsnbecause they outline the possibility to
activate the benefits arising from hospital contpeti even on long-distance. For other respects,
serious concerns arise depending on the institaitivamework considered. Notwithstanding that
the existing strong quality differential should imate the peripheric RHSs to reduce the gap, their
actual capability is likely to be hampered wherafioial resources follow patients’ flows. This is
the case for the Italian NHS where each region rairo reimburses the full cost of care when
patients are admitted to an extra-regional hospabstantial financial transfers towards the most
performing regions (in our case, Northern Italyhicibute, at least in part, to the persistence of
quality differentials. Considering that only a shaf the population - mostly young and highly
educated individuals - is likely to react to loveprality by taking long-distance journeys, while the
frailest individuals might remain captive of the#b services, the universality principle of the NHS
might be challenged.

We finally point out that the high values of our We&stimates for long-distance hospitalizations

could be partly determined by the need for recgithe best available treatments and services for
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cancer — by definition, a very severe pathologyot-analogous to that of other treatments. Future
research is needed to assess differences betweah dod long-distance mobility with more
standard medical and surgical treatments whereergatinave a lower incentive to seek better

services outside their region of residence.
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Tablesand figures

Table 1 Descriptive statistics

All admissions

Admissions in local

Admissions in distant

(N=4508) hospitals (N=3746) hospitals (N=762)
mean s.d. mean s.d. mean s.d.
Choice
Distance to chosen hospital (km) 163.624 282.386 42.330 28.573 759.905 199.530
Distance to potential hospitals in choice set (km) 590.658 42,912 91.099 20.630 813.423 87.789
% patients choosing a "close" hospital bypassing the
LHA of enrollment 0.221 0.415
% patients choosing a hospital located more than:
3 km away from the closest hospital 0.595 0.491 0.513 0.500
5 km away from the closest hospital 0.555 0.497 0.464 0.499
10 km away from the closest hospital 0.413 0.493 0.294 0.456
30 km away from the closest hospital 0.294 0.456 0.150 0.357
50 km away from the closest hospital 0.262 0.440 0.112 0.316
% patients choosing a "close" hospital 0.831 0.375
Hospital characteristics
Clinical quality (risk adjusted mortality rate) 5.718 3.049 6.037 3.124 4.145 2.012
Hospital size (number of beds) 623.738  346.021  568.286  269.022  896.343  513.221
Case-mix index (CMI) 1.076 0.077 1.062 0.064 1.147 0.092
Teaching and research hospitals 0.376 0.484 0.311 0.463 0.697 0.460
Licensed private hospitals 0.106 0.307 0.040 0.197 0.427 0.495
Patient characteristics
Gender (=1 if the patient is female) 0.440 0.496 0.442 0.497 0.429 0.495
Age classes
0-49 0.116 0.320 0.110 0.313 0.144 0.352
50-64 0.161 0.367 0.154 0.361 0.193 0.395
65-74 0.456 0.498 0.441 0.497 0.529 0.499
75 and older 0.268 0.443 0.295 0.456 0.134 0.341
Education level (isced classification)
none or primary 0.415 0.493 0.438 0.496 0.302 0.459
lower secondary 0.294 0.456 0.302 0.459 0.253 0.435
upper secondary 0.206 0.405 0.187 0.390 0.302 0.459
tertiary education 0.085 0.279 0.073 0.261 0.143 0.350

Note Local hospitals are located in the region of deste (either Sardinia or Sicily); Distant

hospitals are located in a northern or centraldategion.
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Table 2 Patient characteristics by location of the chdsespital percentage
distributions

chosen hospital is local chosen hospital is distant

Gender

male 82.8 17.2

female 83.5 16.5
Age classes

0-49 79.0 21.0

50-64 79.7 20.3

65-74 80.4 19.6

75 and older 91.6 8.5
Education level

none or primary 87.7 12.3

lower secondary 85.4 14.6

upper secondary 75.3 24.7

tertiary education 71.6 28.4
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Table 3 Choice models for elective digestive system caademissions

(1) (2) (3) (4) (5)

Hospital characteristics (Cond. logit) (Cond. logit) (Cond. logit)  (Het. Cond. logit) (Mixed logit)
Coeff. Coeff. Coeff. Coeff. Coeff.
(Std. Err) (Std. Err) (Std. Err) (Std. Err) (Std. Err)
All characteristics Characteristics of distant hospitals
Mortality rate (ad].) 0.034 **x* 0.023 * -0.098 **x* -0.098 *xx -0.094  *xx*
(0.005) (0.012) (0.024) (0.027) (0.024)
Distance -0.041  #*x* -0.051 #*x* -0.036 *** -0.039 *** -0.038 **x*
(0.001) (0.002) (0.003) (0.006) (0.003)
Squared distance (/100) 0.008 *** 0.009 *** 0.005 *** 0.006 *** 0.006 ***
(0.0002) (0.0005) (0.0007) (0.001) (0.0007)
Cubic distance (/1000) -0.00004  #*x* -0.00005 **x* -0.00003 **x* -0.00003 *** -0.00003 **x*
(0.000001) (0.000003) (0.000004) (-0.00001) (0.000005)
Case-mix index 2.969 **x* 2.340 *** 3.878 **x* 3.945 kxx 3.868 ***
(0.217) (0.517) (0.694) (0.817) (0.696)
Hospital size 0.001 *** 0.001 *** 0.0004 ** 0.0005 ** 0.0004 **
(0.0001) (0.0002) (0.0002) (0.0002) (0.0002)
Teaching and research hospitals 0.526 *** 0.167 * 0.267 ** 0.277 ** 0.270 **
(0.039) (0.095) (0.133) (0.141) (0.133)
Licensed private hospitals 0.583 *** 0.222 0.922 *** 0.969 *** 0.919 ***
(0.060) (0.152) (0.185) (0.218) (0.185)
Characteristics of local hospitals
Mortality rate (adj.) 0.015 0.017 0.014
(0.012) (0.013) (0.012)
Distance -0.045 *** -0.047  *** -0.045 ***
(0.005) (0.007) (0.005)
Squared distance (/100) -0.004 -0.002 -0.004
(0.005) (0.005) (0.005)
Cubic distance (/1000) 0.0005 *** 0.0004 * 0.0005 ***
(0.0002) (0.0002) (0.0002)
Case-mix index 1.826 *** 1.885 *** 1.813 ***
(0.516) (0.578) (0.518)
Hospital size 0.001 *x** 0.001 *x** 0.001 *x**
(0.0002) (0.0002) (0.0002)
Teaching and research hospitals 0.032 0.028 0.034
(0.096) (0.102) (0.096)
Licensed private hospitals -0.212 -0.152 -0.207
(0.163) (0.172) (0.163)
Inter. with patient characteristics NO YES YES YES YES
Patient characteristics
Female gender 0.098 *
(0.059)
Age class: 50-64 -0.187 *
(0.114)
Age class: 65-74 -0.136
(0.099)
Age class: 75 and older -0.041
(0.119)
Lower secondary education 0.083
(0.121)
Upper secondary education 0.130
(0.119)
Tertiary education 0.235
(0.151)
St.dev. of random parameters
Mortality rate (adj.) 0.001
(0.014)
Distance 0.0003
(0.0005)
Squared distance (/100) 0.00002
(0.00009)
Cubic distance (/1000) 0.000001 **
(0.0000006)

McFadden-Hausman IIA test
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Chi-square 120.45

prob. 0.0003
log-likelihood -11085 -10828 -10540 -10536 -1
AlIC 22186 21785 21224 21229 2
BIC 22267 22432 21952 22028 2
Observations 4508 4508 4508 4508
Number of hospitals 46 46 46 46

0539
1229
1998
4508

46

Note Models 2-5 include interactions of all hospithlracteristics with patients’ characteristics
(gender, age, and education dummies); Models 3sb alclude interactions of all hospital
characteristics with a location dummy (equal tof Xhe hospital is in the patient’s region of
residence). Reported estimates for local hospitals obtained as a linear combination of
coefficients. Model 5 has been estimated using &lioA draws and assuming normally distributed
random coefficients. Level of significance: *** p€Il, ** p<0.05, * p<0.1
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Table 4 Robustness analysis — mixed logit models

(6) (7)

Hospital characteristics (Mixed logit with connection dummy) (Mixed logit on extended sample)
Coeff.  (Std. Err) Coeff.  (Std. Err)
Characteristics of distant hospitals
Mortality rate (adj.) -0.076 ** -0.070 ***
(0.015) (0.020)
Distance -0.036  *xx* -0.039 ***
(0.0003) (0.003)
Squared distance (/100) 0.005 *** 0.006 **x*
(0.0001) (0.001)
Cubic distance (/1000) -0.00003 *** 0.000 **x*
(0.000001) (0.000004)
Case-mix index 3.447 H*+ 2.984 ek
(0.697) (0.572)
Hospital size 0.000 ** 0.001 **x*
(0.0002) (0.0002)
Teaching and research hospitals 0.259 ** 0.371  **x
(0.133) (0.113)
Licensed private hospitals 0.851 *** 0.723  *xxx*
(0.186) (0.161)
Characteristics of local hospitals
Mortality rate (adj.) 0.013 -0.008
(0.013) (0.009)
Distance -0.045 *** -0.038 ***
(0.004) (0.004)
Squared distance (/100) -0.005 -0.011 *x
(0.005) (0.0002)
Cubic distance (/1000) 0.0005 ** 0.001 **x*
(0.0002) (0.0002)
Case-mix index 1.888 *xx 0.923  **
(0.519) (0.379)
Hospital size 0.001 **x* 0.002 ***
(0.0002) (0.0001)
Teaching and research hospitals 0.027 -0.519 **x
(0.096) (0.141)
Licensed private hospitals -0.194 -0.661 **x*
(0.163) (0.141)
Inter. with patient characteristics YES YES
Connection 0.560 ***
(0.186)
St.dev. of random parameters
Mortality rate (adj.) 0.002 0.001
(0.015) (0.012)
Distance 0.000001 0.0001
(0.0003) (0.0004)
Squared distance (/100) -0.00002 0.00001
(0.0001) (0.0001)
Cubic distance (/1000) 0.000001 0.000001
(0.000001) (0.000001)
Log-likelihood -10519 -16129
AIC 21193 32409
BIC 21971 33228
Observations 4508 7295
Number of hospitals 46 55

Note Model 6 estimates an augmented specificatiomefrbixed logit (Model 5 of Table 3) where
a connection dummy has been included; Model 7 estismModel 5 on an extended sample that
includes also non-elective admissions (hospitaltspitals and emergency referrals). Level of
significance: *** p<0.01, ** p<0.05, * p<0.1
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Table5 Estimated willingness to travel (WTT) for referenndividuals evaluated at different percentileshef
distribution of distance for distant hospitals

. . Heteroschedastic . . Mixed logit with Mixed logit on
Conditional logit .. R Mixed logit R
conditional logit connection dummy extended sample

Distance Distance

(centiles) (km) WTT Std. Err  WTT Std. Err WTT Std. Err WTT Std. Err WTT Std. Err
1 318.9 -27.2 xx* 7.6 -27.5 *** 7.7 -27.1 *** 7.9 -22.6 *** 8.0 -18.0 *** 5.6
5 431.6 -59.3 k¥* 19.8 -65.1 *** 22.6  -60.5 *** 21.4 -51.2 *** 21.2  -38.4 *** 131
10 460.8 -77.5 * 28.8 -89.2 ** 36.4 -79.2 ** 31.4 -68.0 ** 31.1 -51.2 *** 18.7
75 919.1 -74.3 ** 33.9 -59.1 ** 25.1 -37.2 ** 17.5 -41.3 ** 24.8 -55.9 36.3
95 1008.5 -36.6 *** 139 -29.8 *** 11.4 -21.6 ** 9.1 -224 * 114 -26.4 ** 13.0
100 1099.1 =217 *kx* 7.6 -18.0 *** 6.6 -14.0 ** 5.5 -14.0 ** 6.5 -15.5 ** 6.7

Note WTT is obtained as the ratio between the margimaltilities for the mortality rate and distan&andard errors are calculated using
the delta method.
Level of significance: *** p<0.01, ** p<0.05, * p<Q
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Figure 1: Absolute disutility (DD), marginal disutility odistance (MDD), and willingness to travel (WTT)
for reference (older and less educated) individuaig comparison (younger and more educated) of
individuals for a clinical quality change [from ti&" to the 25 centile]
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Note Shaded internal areas depict intervals where egalare not
significantly different from zero
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Appendix
A.1 Additional information on data sources and key variables
Sample of admissions for elective cancer treatments
The SDO data are derived from the “Schede di Diimmgs Ospedaliera” and are released by the
Ministry of Health. These data register each adimisspisode in every licensed public and private
hospital of the NHS and contain information abdw hospital type, local health authority (LHA),
and the region where the admission occurred, asasgbatients’ LHA and region of enroliment.
Each hospitalization is classified using the ICBF international classification of diseases and
procedures. The SDO data also provide informatioma éimited set of patients’ sociodemographic
characteristics: gender, age class, and educateh |

We use hospital discharge data related to digestggem cancers: all malignant neoplasms of
digestive organs and the peritoneum (ICD9 codes-158), all benign neoplasms of other parts of
the digestive system (ICD9 code 211), all secondaalignant neoplasms of the digestive system
(ICD9 codes 197.4-197.8), carcinoma in situ in slige organs (ICD9 code 230), neoplasms of
uncertain behavior of the digestive system (ICD8ec@35), and neoplasms of unspecified behavior
of the digestive system (ICD9 code 239.0).

To deal only with admissions for elective treatnsente exclude emergency admissions and
inter-hospital patient transfers from the analysikich allows us to focus on actual patient choice
for this specific group of cancer treatments. Teuga proper representativeness of outflows and
avoid the volatility of very sparse admission edes®s we only consider hospitals that have a
minimum of five discharges of Sardinian and Sialieesidents and for which the risk-adjusted
quality measure is available. This consideratioaldg a sample of 4,508 elective admission
episodes of patients treated in 46 different pudatid private Italian hospitals during 2013. Without
imposing any further selection on the data, our @andoes not contain admission episodes of
Sardinian (Sicilian) residents in Sicilian (Sardmj hospitals. The original SDO data only recorded

three admissions of the first type and two of theosid type.
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Additional information on key variables

Quality - Our measure of clinical quality of hospital cdar digestive system cancers is
calculated and released by the National AgencyRigional Health Services within the Outcomes
Evaluation National ProgranPfogramma Nazionale EsitPNE). The PNE is similar to other
international monitoring programs, such as the “NBi8comes Framework Indicators” in the UK.
By delivering “objective” indicators at the hospijtaHA, or regional level, the PNE is believed to
empower patients with new and detailed informaabout health outcomes and, therefore, quality
of care. This information should help them make eniaformed healthcare decisions. At the same
time, public reporting of outcomes should creatarmentive at the hospital level to improve the
performance and overall quality of care. One idba¢ we encounter when using PNE data is that
the coverage of this recent source of public infation is not always accurate because it relies on
the availability of a minimum number of cases facle specific specialty within each hospital to
provide reliable risk-adjusted statistics. Besidesynthetic clinical outcome indicator in the apéa
cancers of the digestive system does not existhasgital-level information needed to adjust the
potentially available row mortality (or readmissjaates is unavailable. For these reasons, we had
to proxy the outcome of the clinical quality ofdteents for cancers of the digestive system with
the risk-adjusted mortality rate (within 30 day$jea malignant neoplasm colon surgéfyThis
indicator is available for most hospitals and idcal@ated based on admissions that occurred
between January 1, 2007, and November 30, 2012.

Case-mix index- The CMI is a publicly available indicator at thespital level that reflects
clinical complexity (measured concerning the finahand physical resources allocated to treat all
admitted hospital patients) of treated cases. Thidécator is calculated as the ratio between the
average weight of admissions in a specific hosg@tal the average weight of admissions in the

whole NHS, using the SDO data on total dischargegazh hospital. Average weights are

2 The statistical procedure for risk-adjustment is described in Agenas, 2013. Programma Nazionale Valutazione
Esiti — PNE, Ed. 2013, SDO 2005-2012 Metodi Statistici, http://95.110.213.190/PNEed13/
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calculated using the DRG weights, which proxy tbenplexity of a specific admission. A value
greater than 1 indicates a mix of cases being meseurce-intensive than average and identifies

more specialized hospitals.

A.2. Point estimates of Models 3-5in Table 3.

For the sake of completeness, Table A.1 below tefbe full set of parameters estimated with
Model 3. The main results of note are the higharsigsity to clinical quality for younger
individuals and the significant effects of age sk on the distance polynomial, which mostly
involve a higher concavity of the MDD function whelifferent education categories, compared
with the reference individual (low education), aensidered. The coefficients of the interaction
between distance and tertiary education are usetdetie the comparison individual presented in

Figure 1 of the paper
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Table A.1 Full set of estimated parameters for Models 3-€higted in Table 3.

(3) (4)

(5)

(Cond. logit) (Het. Cond. logit) (Mixed logit)
VARIABLES Coeff. Std. Err Coeff. Std. Err Coeff. Std. Err
Mortality rate (adj.) -0.098 *** 0.024 -0.098 *** 0.027 -0.094 *** 0.024
Distance -0.036 *** 0.003 -0.039 *** 0.006 -0.038 *** 0.003
Squared distance (/100) 0.005 *** 0.001 0.006 *** 0.001 0.006 *** 0.001
Cubic distance (/1000) -0.00003 ***  0.000004 -0.00003 ***  -0.00001 -0.00003 *** 0.000005
Case-mix index 3.878 *** 0.694 3.945 x** 0.817 3.868 *** 0.696
Hospital size 0.0004 ** 0.0002 0.001 ** 0.0002 0.0004 ** 0.0002
Teaching and research hospitals 0.267 ** 0.133 0.277 ** 0.141 0.270 ** 0.133
Licensed private hospitals 0.922 **x* 0.185 0.969 *** 0.218 0.919 *** 0.185
Mortality rate (adj.)*L 0.112 *** 0.021 0.115 *** 0.024 0.108 *** 0.021
Distance*L -0.009 * 0.005 -0.009 * 0.005 -0.007 0.005
Squared distance (/100)*L -0.009 * 0.005 -0.008 0.005 -0.010 * 0.005
Cubic distance (/1000)*L 0.005 *** 0.0002 0.0005 ** 0.0002 0.001 *** 0.0002
Case-mix index*L -2.053 *k*x* 0.520 -2.060 *** 0.552 -2.055 *** 0.523
Hospital size*L 0.001 *** 0.0001 0.001 *** 0.0002 0.001 *** 0.0001
Teaching and research hospitals*L -0.235 ** 0.106 -0.249 ** 0.108 -0.236 ** 0.106
Licensed private hospitals*L -1.134  kx* 0.140 -1.121  *** 0.198 -1.127  *** 0.141
Sex*Mortality rate -0.005 0.011 -0.008 0.011 -0.005 0.011
Age 0-49*Mortality rate -0.055 *** 0.021 -0.049 ** 0.02 -0.055 *** 0.021
Age 50-64*Mortality rate -0.013 0.018 -0.009 0.019 -0.013 0.018
Age 65-74*Mortality rate 0.012 0.014 0.013 0.014 0.012 0.014
Lower secondary*Mortality rate 0.021 0.014 0.018 0.015 0.021 0.014
Upper secondary*Mortality rate 0.021 0.015 0.018 0.016 0.021 0.015
Tertiary education*Mortality rate 0.020 0.022 0.012 0.020 0.020 0.022
Sex*distance -0.003 * 0.002 0.001 0.003 -0.003 * 0.002
Age 0-49*distance 0.004 -0.003 0.004 0.005 0.004 0.003
Age 50-64*distance 0.001 -0.003 -0.004 0.005 0.001 0.003
Age 65-74*distance 0.001 0.002 -0.003 0.004 0.0005 0.002
Lower secondary*distance 0.007 *** 0.002 0.011 ** 0.005 0.007 *** 0.002
Upper secondary*distance 0.010 *** 0.002 0.015 *** 0.004 0.01 *** 0.002
Tertiary education*distance 0.009 *** 0.003 0.017 *** 0.005 0.008 *** 0.003
Sex*Squared distance 0.001 ** 0.0004 0.0001 0.001 0.001 * 0.0004
Age 0-49*Squared distance 0.00008 0.001 -0.0002 0.001  -0.00007 0.001
Age 50-64*Squared distance 0.0004 0.001 0.001 0.001 0.0005 0.001
Age 65-74*Squared distance 0.001 0.001 0.001 0.001 0.001 0.001
Lower secondary*Squared distance -0.002 *** 0.001 -0.003 *** 0.001 -0.002 *** 0.001
Upper secondary*Squared distance -0.003 *** 0.001 -0.003 *** 0.001 -0.003 *** 0.001
Tertiary education*Squared distance -0.002 *** 0.001 -0.003 *** 0.001 -0.002 *** 0.001
Sex*Cubic distance -0.00001 **  -0.000003 -0.000002 0.000003 -0.000005 ** 0.000003
Age 0-49*Cubic distance -0.000002 0.000005 -0.0000009 0.000005 -0.000002 0.000005
Age 50-64*Cubic distance -0.000004 0.000004  -0.000008 0.000006 -0.000005 0.000004
Age 65-74*Cubic distance -0.000005 0.000003  -0.000008 * 0.000004 -0.000005 0.000003
Lower secondary*Cubic distance 0.00001 ***  0.000003 0.00002 *** 0.000006 0.00002 *** 0.000003
Upper secondary*Cubic distance 0.00002 ***  0.000004 0.00002 *** 0.000005 0.00002 *** 0.000004
Tertiary education*Cubic distance 0.00001 ***  0.000005 0.00002 *** 0.000006 0.00001 *** 0.000005
Sex*Case-mix index 1.009 ** 0.437 0.729 0.466 1.016 ** 0.438
Age 0-49*Case-mix index -0.042 0.554 -0.189 0.629 -0.034 0.555
Age 50-64*Case-mix index 0.716 0.602 0.362 0.698 0.723 0.604
Age 65-74*Case-mix index 2,138 *** 0.800 1.247 0.942 2.109 *** 0.802
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Lower secondary*Case-mix index -1.860 ** 0.798 -1.816 ** 0.865 -1.861 ** 0.799
Upper secondary*Case-mix index -0.800 0.716 -0.413 0.798 -0.805 0.718
Tertiary education*Case-mix index -0.427 0.556 -0.182 0.601 -0.427 0.558
Sex*Hospital size -0.0001 0.0001 -0.0002 0.0001 -0.0001 0.0001
Age 0-49*Hospital size -0.0003 0.0002 -0.0003 * 0.0002 -0.0002 0.0002
Age 50-64*Hospital size -0.001 *** 0.0002 -0.001 *** 0.0002 -0.001 *** 0.0002
Age 65-74*Hospital size -0.0003 0.0002 -0.001 ** 0.0002 -0.0003 0.0002
Lower secondary*Hospital size 0.00003 0.0002 0.00002 0.0002 0.00003 0.0002
Upper secondary*Hospital size 0.0003 0.0002 0.0004 0.0002 0.0003 0.0002
Tertiary education*Hospital size 0.0004 ** 0.0002 0.0005 ** 0.0002 0.0004 ** 0.0002
Sex*Teach. and res. hospital 0.004 0.080 -0.049 0.084 0.0001 0.08
Age 0-49*Teach. and res. hospital 0.853 *** 0.100 0.811 *** 0.174 0.852 *** 0.1
Age 50-64*Teach. and res. hospital 0.674 *** 0.110 0.608 *** 0.167 0.674 *** 0.11
Age 65-74*Teach. and res. hospital 0.171 0.148 0.107 0.147 0.169 0.148
Lower secondary*Teach. and res. hospital 0.054 0.142 0.010 0.157 0.057 0.142
Upper secondary*Teach. and res. hospital -0.306 ** 0.131 -0.216 0.157 -0.303 ** 0.131
Tertiary education*Teach. and res. hospital -0.308 *** 0.101 -0.253 ** 0.123 -0.307 *** 0.102
Sex* Licensed private hospital 0.380 *** 0.126 0.260 * 0.137 0.377 *** 0.126
Age 0-49* Licensed priv. hospital -0.095 0.166 -0.150 0.182 -0.097 0.166
Age 50-64* Licensed priv. hospital 0.175 0.172 0.030 0.200 0.176 0.172
Age 65-74* Licensed priv. hospital 0.426 ** 0.215 0.205 0.237 0.425 ** 0.216
Lower secondary* Licensed priv. hospital -1.022 *kx* 0.245 -0.965 *** 0.290 -1.020 *** 0.246
Upper secondary* Licensed priv. hospital -0.135 0.206 0.001 0.231 -0.129 0.206
Tertiary education* Licensed priv. hospital -0.161 0.167 -0.072 0.178 -0.156 0.167
Female 0.098 * 0.059

Age 0-49 -0.187 * 0.114

Age 50-64 -0.136 0.099

Age 65-74 -0.041 0.119

Lower secondary 0.084 0.121

Upper secondary 0.130 0.119

Tertiary education 0.235 0.151

St.dev. of random parameters

Mortality rate (adj.) 0.001 (0.014)
Distance 0.0003 (0.0005)
Squared distance (/100) 0.00002 (0.00009)
Cubic distance (/1000) 0.000001 **  (0.0000006)
Log-likelihood -10540 -10536 -10539

Observations 4508 4508 4508

Number of hospitals 46 46 46

Note.Model 5 has been estimated using 50 Halton draslsassuming normally distributed random coeffigehtevel of

significance: *** p<0.01, ** p<0.05, * p<0.1
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Choice of hospital and long-distances: evidence from Italy

Research highlights

e Long-distance patient mobility is a relevant phenomenon for severe pathologies

e We study patients’ elective admissions for digestive system cancers distinguishing between

local and distant hospitals

e Clinical quality has a relevant role only in the choice of distant hospitals

e Reference patient is willing to travel at least 14 km to get better care in hospitals located at not

less than 286 km

e Willingness to travel is larger for younger and more educated patients





