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Abstract

This study examines the effect of waiting timeshaspital choice by using patient-
level data on elective Percutaneous Transluminaloi@y Angioplasty (PTCA)
procedures in the Italian NHS over the years 200Bt2 We perform a multinomial
logit analysis including conditional logit and mgkéogit specifications. Our findings
show the importance of jointly controlling for tiamevariant and time varying
dimensions of hospital quality in order to disewgianthe effect of waiting times on
hospital choice. We provide evidence that patiets responsive to changes in
waiting times and aspects of clinical quality withhospitals over time, and estimate
the trade-off that patients make between differdeosgpital attributes. The results
convey important policy implications for highly ndgted health care markets.
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1. Introduction

Among the reforms that have characterised hosp#ed in publicly financed health
systems, two waves of initiatives stand out: thfereffor shortening waiting times,
and the enhancement of patient hospital choiceedrawith binding financial
constraints, public authorities have extensivelgdusvaiting times as a rationing
device (Gravelle and Siciliani, 2008). As a resldhg waits for elective care are
nowadays a major concern in a number of countriesrgvensuring a timely response
to patients’ needs has become a priority in thecpahgenda. At the same time,
patients’ empowerment has fostered their involvdmaenreferral and treatment
decisions, including hospital choice for electiveqedures. These changes reflect a
widespread belief that increasing patients’ chapgportunities may improve the
quality of treatment and social welfare (Cooksod &awson, 2012). In particular,
under fixed-price regulation, hospital choice magt aas a spur for public
organisations to deliver services that match pajeaferences and encourages high

quality of care (Vrangbaek et al, 2007).

However, there are also reasons for scepticismtgatients’ ability to exercise an
active choice of their hospital destination. Thisespecially true in equity-oriented
public health systems where centrally planned pdiand balanced funding schemes
may limit hospital autonomy and competition. Moregvextensive regulation of
quality standards may level out the major diffeemnacross hospitals, leaving little
incentive to bypass the nearest provider. Ultinyatél is an empirical matter to

determine whether hospital choice decisions aextdtl by patients’ preferences over



factors other than geographic proximity, and to inhdent patients trade-off hospital

attributes.

Because of that, the assessment of patients’ resptm variations in providers’
attributes, together with the identification of fgmence heterogeneity, is a key piece
of information for efficiently regulating public b#h care systems. If patients are
responsive to changes in waiting times and clinigablity, then health care
organisations are incentivised to provide more ymesponses and higher quality
care beyond the (minimum) standards set by govamhmegulation. Moreover,
identifying which types of patients are less wijito travel for shorter waiting times
or better quality helps policy-makers to targetstnavho may be more vulnerable to

poor hospital services delivered locally.

In this study, our primary interest is to providpatient-level analysis of the effect of
waiting times on hospital choice in the Italian iaal Health Service (NHS). Since
hospital care is free of charge, waiting times espnt the main cost of treatment,
along with the distance travelled to the hospiMbreover, given that patients’

mobility outside the hospital catchment area isarficed through a prospective
payment scheme, hospitals potentially retain somentives to attract more patients
by offering better services. Using data on electRercutaneous Transluminal
Coronary Angioplasty (PTCA) from the Italian regiof Emilia-Romagna for the

period 2008-2011, we study the extent to whichgpési react to changes in waiting
times within hospitals over time, while accountifay differences in geographic

location and hospital quality. To estimate hospithlbice models, we employ

conditional logit (CL) and mixed logit (ML) speaifitions.



Isolating the effect of waiting times on the patigrthoice of hospital poses serious
empirical challenges because hospitalisations nedleat preferences for quality.

When patients respond to changes in quality, haispaffering greater quality face
higher demand pressure, possibly inducing a pesiterrelation between waiting
times and quality of care. Hence, controlling fariations in quality is necessary to
ensure unbiased estimates of the effect of intefeshajor advantage of this study
over previous research (e.g. Sivey, 2012; Beckeaal,2012; Varkevisser et al, 2012)
is that we benefit from both longitudinal data andility indicators. We exploit the

richness of the dataset to jointly control for timgariant heterogeneity across
providers via hospital fixed effects, and for timarying aspects of quality captured
by the risk-adjusted indicators recently releasgdiie Italian Ministry of Health

(Piano Nazionale Esiti, PNE).

Focusing on PTCA procedures, we consider two widelgd outcome indicators,
namely mortality and readmission rates for AMI. ERvéhough this piece of
information was not made available to the geneudlip in the period covered by our
data, it is used in this study as a proxy for clhiquality as perceived by patients
before choosing the hospital. Such information bangathered from the patient’s
own experience, or from that of the network of @atis relatives and acquaintances,
as well as from the advice of specialists and GaEn@ractitioners. Similar
assumptions are also found in previous studies isigpthat the patient’s choice of
hospital is driven by quality even before the pobklease of data on quality (e.g.

Luft et al, 1990; Moscone et al, 2012; GutackealeP016).



Our contribution differs from most studies modedlihospital choice also in that it
applies to an NHS-type health system where prosidee encouraged to co-operate
with each other. In this respect, the institutioinamework of the Italian NHS, and of
Emilia-Romagna in particular, provides an appea$ietfing for investigating patients
responses to waiting times and clinical qualityd #me degree to which they trade-off
hospital attributes, even when providers operatgeunveak competitive pressure.
Although hospitals enjoy some autonomy in orgagidimeir activity, the system is
committed to ensure equity, and quality standards @entrally regulated and
monitored: Moreover, the Italian NHS has been characterizgdfrbe patient
mobility across jurisdictions since its inceptiomaking our setting especially
favourable for a clean identification of the rolé matient preferences in hospital
choice. Reforms increasing patients’ choice opputies make it often hard to
separate demand from supply side effects becawsedprs may be incentivised to
develop new strategies that improve their attractess (Gaynor et al, 2016). On the
contrary, the stability of our regulatory framewatnkies out possible confounding
effects due to providers reacting to changes in tbhenpetitive environment

associated to variations in hospital choice deossio

Our findings lend support for the use of a ML modeker a CL specification,
revealing significant preference heterogeneity efation to both unobserved and

observed patient characteristics. From a methodmbgoint of view, we establish

! Italian regions are empowered to regulate impor&@pects of their health care systems, leading to
different regional models despite the common nafidnamework. Regions like Lombardy have
strongly encouraged competition within the pubketsr as well as between public and accredited
private centres (Moscone et al, 2012). In otheegasuch as in Emilia-Romagna where this study is
focused, policy-makers have favoured cooperatioth @ordination among providers (Ferré et al,
2014). Such strategy has been pursued throughatepianning of hospital production capacity
designed to ensure a balanced distribution of igti@cross areas and the promotion of strong
integration between hospital and district-levelamss.



the importance of jointly controlling for time-intiant differences across hospitals
and for time varying measures of clinical qualltye show that failing to do so leads
to a sizeable downward bias in the estimates oétteet of waiting times on hospital
choice. The results from our most preferred speatifon yields an elasticity of
demand with respect to waiting times of — 0.18Ghwihe average patient willing to
travel an extra distance of about 1.1 kilometrasadl week reduction in waiting
times. Our findings also outline that patients tarsome degree sensitive to changes
in aspects of clinical quality within hospitals ovéme, holding other factors
constant. The estimated elasticity of demand wegpect to the mortality rate is —
0.905, whereas there is no significant effect aased to changes in readmission
rates. We find a mean willingness to travel fol0&ldecrease in the mortality rate of
about 3.5 kilometres. Notably, our estimates shoat the average patient trade-offs
longer waiting times with higher quality, with theean willingness to wait for a 10%
decrease in the mortality rate being about 22 daysrestingly, we find that the size
of the trade-off among different hospital attrilgisgnificantly varies across patient

characteristics.

2. Background

The Italian NHS is a public sector organisatiomded out of general taxation, and
providing uniform, comprehensive care to the enpiopulation. Health services are
largely free of charge at the point of use andgpdsi can seek hospital care from any
publicly funded providers. Secondary care is mostigplied by public hospitals, the

majority of which is run by Local Health AuthorieAziende Sanitarie Locali,



ASLs), public enterprises responsible for the Imealeeds of their catchment

population. Patients’ flows out of the ASL of redace are compensated using tariffs
based on a DRG scheme. The remaining hospitalsudniec semi-autonomous Trusts

(Aziende Ospedaliere, AOs) with greater financial and administrativeaaomy, and

extensively financed under a prospective paymestesy?

As patients are free to choose the admitting halspitd are not charged at the point
of use, distance, waiting times and quality of care expected to be key drivers of
hospital choice. Waiting times act as a non-exjptiost from the patient perspective,
not only because the utility from health care maglitie the longer the patient has to
wait for treatmeniLindsay and Feigeinbaum, 1984). Waitipgr se may generate

disutility for several reasons. For instance, beeaworse health conditions may
hinder patient’s ability to work and/or to carrytodaily activities, and because

waiting for care may be associated with more agaed stress (Propper, 1995).

Previous studies have analysed the responsiveheksmand to waiting times using
different approaches and estimation methods. At fatseam of literature uses
aggregate data and takes (small) geographical amsasnits of observation.
Exploiting ward level information for elective semy, Martin and Smith (2003)
estimate a model where waiting times act as a phigeboth discourages demand and
stimulates supply. Instrumental variables estimpataat to a demand elasticity with
respect to waiting times equal to - 0.09. Gravellal (2002) analyse the effect of
waiting times for cataract surgery at the practieeel. Cross-sectional analyses

suggest that increases in waiting times have ativegand significant effect, yielding

2 Accredited private hospitals generally play onlyménor role (Fattore et al, 2013). In Emilia-
Romagna acute care beds covered by accreditedephivapitals amount to 12%



an elasticity of — 0.25. Using the number of paseadded to the waiting lists and the
number of hospital admissions as distinct measiaredemand and supply, Gravelle
et al (2003) estimate panel data models on elediwgery for English Health

Authorities. They find a negative association bemvevaiting times and demand for
elective care, with elasticities varying betwee®.20 and — 0.30. Martin et al (2007)
also use distinct measures of demand and suppbdbas hospital-level data. Their
findings point to demand elasticities to waitinghéis for elective surgery ranging

between — 0.198 and — 0.069.

While the above studies focus on the UK, thereoatg very few contributions from
other countries. Stavrunova et al (2011) estimateodel of the market for elective
surgery using postal codes level data on Austrdi@spitals. The results from two-
stage least squares estimation indicate an elgsbici- 1.7. Using administrative data
aggregated by region and by surgical proceduréaly, IRiganti et al (2017) estimate
separate models of demand for and supply of eked¢teatments, and find a demand

elasticity to waiting times ranging between — Xd5- 0.24.

A smaller strand of literature exploits patientdedata to analyse responsiveness to
waiting times, as we do in this paper. The estiomtinethods in hospital choice
studies typically rely on the multinomial logit spiecation, where the dependent
variable is a dummy indicator, representing theicgghonade by patients within a set
of available alternative destinations. The useatifemt-based information brings with
several nice features. It helps avoid spuriouslt®gwtentially arising when supply-
side factors at the area level may allow to idgrdif effect that does not occur at the

individual level (Martin and Smith, 1999). Moreoyet allows to control for



individual patient characteristics such as geographoximity to the hospital, thus
increasing the precision in the estimates and ngakipossible to analyse the trade-
off between distance and waiting times (Pope, 20@@glly, it allows to account for

patient preference heterogeneity with respect spital characteristics.

The bulk of the literature on hospital choice usess-sectional data and analyses the
responsiveness to hospital quality as mostly medshy clinical quality indicators,
including mortality and readmission rates (e.g.K&etet al, 2012; Varkevisser et al,
2012; Berta et al, 2016; McConnell et al, 2016)hese studies rely on the
assumption that there are no unobserved hospitalacteristics affecting patient
choice behaviour. To relax this assumption, otleatrdbutions use panel data, which
allow to control for time-invariant unobserved hetgeneity across hospitals (e.g.

Hodking, 1996; Tay, 2003; Gaynor et al, 2016; Gkeaet al, 2016).

To the best of our knowledge, Sivey (2012) is timéy @ublished work that uses
individual-level panel data to specifically evakiahe impact of waiting times on
hospital choice. The study examines cataract patiegferred from English GP
practices, and applies a multinomial logit framewarhere differences in quality
across providers are controlled for through hospixad effects. The paper shows
that, while the coefficient on waiting time takepasitive value before controlling for
hospital time-invariant heterogeneity, it becomegative once hospital fixed effects
are included in the estimating model. In terms aigmtude, the study finds an

elasticity of demand to waiting times of — 0.1.

3 Brekke et al (2014) provide a comprehensive rewiéhospital choice studies.



Given this background, we improve upon previougaesh that studies the effect of
waiting times on hospital choice by accountingtfore-invariant quality differences
and time varying aspects of clinical quality at gsne time. A crucial assumption
underlying the attempt to control for differencagjuality by means of hospital fixed
effects only is that hospital quality remains stalluring the period of study.
However, if hospital quality changes over time asdpositively correlated with
waiting times, omitting to control for such featwél bias the coefficient on waiting
times downward. The estimation strategy that wepgse ensures a clean
identification of the coefficient of interest asdisentangles the effect of waiting
times from that of clinical quality. From a methdatypical point of view, our findings
lend support to the importance of controlling footlb sources of hospital

heterogeneity at the same time.

3. Methods

The main purpose of our study is to estimate denmn@sygonsiveness to waiting times
variations using patient-level data. We focus acile PTCA surgeries, and rely on
the multinomial logit framework (McFadden, 1974)heve utility of patienti

conditional on choosing hospitaht timet is modelled as:

Uije = Vije + Vije 1)

10



whereV;;, is the deterministic component of utility ang, is the random error term.
Different assumptions on the error structure aredrégressors’ coefficients lead to
different model specifications. Our estimation maares consist of the conditional

logit (CL) and the mixed logit (ML) modefs.

The CL model can be derived from the conditiondltytfunction in (1) where the
stochastic components are identically and indepahddistributed (iid), and follow
a type-1 extreme value distribution. Using the Chdel, we specify the deterministic

component of utility as:

Vijt = BaiDij + BwiWjt—1 + BsiSje—1 + BqiQje-1 + & (2)

where D;; is the distance of patient from hospitalj, Wj,_, denotes the median
waiting time for an elective PTCA at hospifah yeart — 1, S;._, is the total number
of elective and non-elective PTCA surgeries proditdg hospitalj in yeart — 1, and

Qjc-1 is the quality of care at hospitalin yeart — 1. ¢; is a vector of hospital-
specific fixed effects capturing the possible iefige on hospital choice of
unobserved time-invariant hospital attributes. Toefficients on distance, waiting

times, surgical volumes and quality of cag;{, 5., Bs; andp,;) are allowed to vary

4 The mixed logit models are also known as randoraspaters, random-coefficients or error-
components logit (Train, 1998).
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with patient characteristics so as to account famation in preferences related to

observed individual characteristits.

Following previous studies, we assume that hosphalce responds to past, rather
than current, waiting times and quality (Gutackeale2016; Varkevisser et al, 2012).
The use of lagged values prevents potential endoyedue to the simultaneous
influence of hospital demand on waiting times amgldy. Such approach is also
consistent with the view that patients gain insginito quality from previous

experiences and performances.

The hospital FEs absorb potential differences betweospitals that are persistent
during the sample period, and may affect patierisbice of hospital. Such

differences may include, among others, teachingustdospital size, or whether a
hospital provides highly specialized servi€&he inclusion of hospital FEs is crucial
for properly identifying our main effect of intetesthe impact of waiting times on

hospital choice. It allows to control for time-imant hospital attributes that are
unobserved to the researcher and may be correlatedvaiting times. The waiting

time coefficient is therefore identified by theagbnship between waiting times and
hospital choice within hospitals over time: a negaestimated coefficient on waiting
times implies that, on average, hospitals wherdingaitimes have increased from

periodt — 1 to periodt have decreased demand in peripckteris paribus.

5> The coefficients on distance, waiting times, stmbivolumes and quality of care can be expressed as
Bai = Ba + X{6a: Puwi = Bw +Xi6w, Bsi = Bs + X{8s, Bqi = By + X{6q, Where X] is a vector of
observed patient characteristics.

6 As noticed by previous studies, the hospital fiedfgcts may also absorb further (unobserved) case-
mix differences across hospitals (e.g. Hamiltoale1997).

12



A limitation of the CL model is that it relies ohe Independence from Irrelevant
Alternatives (IIA) property. Under this assumptiaiscrimination by patients among
hospitals is reduced to a series of pairwise corepas that are unaffected by the
characteristics of alternatives other than the pagter consideration, a feature that
might be restrictive in this context. To overconmstlimitation, we use the ML

model as alternative estimation procedure.

The ML model can be derived from the conditiondlitytfunction in (1) wherev;;,
are iid extreme values. The deterministic compoménttility is the same as for the
CL model, except that the ML regression coefficseate allowed to vary randomly
between individuals. By specifying individual-sdecirandom coefficients, the ML
model accounts for unobserved preference heterdageand does not exhibit the 1A
property (Revelt and Train, 1999; Train, 1998; 2008e estimate the ML model via
maximum simulated likelihood, and use 50 Haltonwdrdor the simulation. The
estimation is performed by using the econometritnse Stata 14, and we apply the
clogit and the mixlogit commands for the CL and kie models, respectively (Hole,

2007).

4. Data

We use individual-level data for patients undergoielective PTCA at public

hospitals in the Italy’s Emilia-Romagna region fbe years 2008 through 201 Dur

7 Located in the North East of Italy, Emilia-Romagmas a total population of nearly 4.5 million
people. We uselata on elective patients who reside in Emilia-Rgnaa Non-elective patients are
excluded from the present analysis, as they areptamted on waiting lists, given their need of
immediate treatment.

13



primary source of data is the patient dischargeasddt &chede di Dimissione
Ospedaliera, SDO) that contains detailed information on eagisae of discharge.
Our study sample includes 15,706 patients recomled the period 2008-2011. In
any given year, the choice set is the same actiogateents and embraces all publicly
financed hospitals providing PTCAs in the regiomoag which patients can freely
choose, even when they reside outside the hosmtahment area. The choice set
comprises 21 public hospitals in year 2010 and @2ip hospitals in all the other

years, including both ASL-run hospitals and hosfitasts®

The individual waiting time is measured as theead#hce in number of days between
the date when the patient is placed on the walts@nd the date of the admission to
the hospital. Consistently with choice being maetblhs depending on the differences
between hospital care attributes, the waiting twvadable has to be computed for
each hospital in the choice set. However, whilepghgent’s actual waiting time at the

chosen hospital is observed, the time that a gawenld have waited had he chosen
an alternative provider is unknown. To tackle thrisblem, we follow Sivey (2012) in

using a measure of waiting times calculated ahtigpital-year level as the median of
the individual patients’ waiting times for all etae@ PTCAs discharged at each

hospital in each yedr.

For every hospital-year pair, we calculate the rawof PTCA procedures as the total

number of elective and non-elective PTCAs perforrogdhospitals in the year prior

8 For one hospital in year 2010, there are no avilmmformation on one of our measures of hospital
quality (the risk-adjusted readmission rates for IAM herefore, this hospital is excluded from the

patients’ choice set in year 2010.

9 Using the median rather than the mean waits allovexcount for the skewed distribution of waiting

times, containing a right-hand tail of very longitsa

14



to the admission. In this way, we control for amfluence on patient’s choice
possibly exerted by the variation over time of hamctivity measured in terms of

PTCA procedures performed.

As proxies for condition-specific hospital qualitye use the risk-adjusted mortality
rates from AMI within 30 days of hospital admissi@nd the risk-adjusted
readmission rates for AMP. These indicators are provided at hospital-yeaelley
the Italian Ministry of Health through the Nation@utcome Evaluation Program
(Programma Nazionale Esiti, PNE). The PNE provides indicators for all NHS
hospitals with eligible cases for selected clinicebnditions and surgical
interventions. Given the purpose of our analyses fecus on the indicators related to
cardiovascular treatments and available for all ybars of study. Even though the
PNE indicators were not disclosed to the publigrduthe period of our analysis, we
use them as proxies for hospital clinical qualisyerceived by patients. Patients’
perceptions of hospital quality may originate framariety of sources, including GP
and specialist advices, as well as from previoysesgnces formed by the patients
themselves and/or by their relatives and friends. (euft et al. 1990; Moscone et al,

2012; Gutacker et al, 2016).

Travel distance is computed (in kilometres) usingrivsoft MapPoint. We calculate
it as the fastest road line route from the centaficeach patient’'s municipality of

residence to each hospital site as identified ogpdtdress.

0'We observe a low correlation between the risk-stdjh mortality and readmission rates, suggesting
that these indicators may reflect different dimensiof hospital quality.

15



As for patient characteristics, we include age, dgen foreign citizenship, the
Charlson Comorbidity Index (CCl), and dummies foe degree of urbanization of
the patient’'s municipality of residenée.To account for those cases where the
number of close-by destinations is very limited, agd a dummy variable taking
value 1 if the patient resides in a ASL where therenly one hospital providing

PTCAs, and 0 otherwise.

(Table 1 about here)

Table 1 provides summary statistics for the explanyavariables. The average
hospital has a median annual waiting time equdlG@alays, provides a total of 892
PTCA treatments per year, and has risk-adjustedatitgrand readmission rates
equal to 9.9 and 7.5, respectively. On averagégmattravel about 18 kilometres for
an elective PTCA. This is about three times theraye distance to the nearest
hospital, suggesting that hospital choice is naguely driven by the purpose of

minimising travel distance. Treated patients areaverage 69 years old, with the
share of men prevailing over women, and have omageea CCI of 1.028. Patients
with foreign citizenship account for less than 2%tle total sample. Finally, the

majority of patients reside in non-rural areas dave more than one hospital

providing PTCA treatments in the ASL where they emeolled.

11 We use the Eurostat statistics definition to gateeour dummies for the degree of urbanization of
the patients’ area of residence.

16



5. Results

Tables 2-3 present the results obtained from the@l the ML models. We consider
four different specifications where additional seifs regressors are successively
included. The most parsimonious specification (owlul) considers only distance
and waiting times as drivers of hospital choicdoveing for observed preference
heterogeneity through interactions with patient rabteristics. We then include
hospital fixed effects (column 2) and hospital votifor elective and non-elective
PTCAs (column 3). In our most preferred specifmatillustrated in equation (2), we
also add the risk-adjusted mortality and readmissiates as quality indicators

(column 4).

5.1 Conditional logit estimates

The results from the CL model are reported in T@vlBue to the non-linearity of the
model, the coefficients can be interpreted onlytemms of sign and statistical
significance. In line with previous evidence, dmta has a negative and highly
significant effect, suggesting that on averageepdsi prefer closer hospitaksteris

paribus.

(Table 2 about here)

The coefficient on waiting times, which is the pasder of main interest in our
analysis, is positive and significant before inahgdany control for hospital quality

(column 1). However, the impact of waiting timesislonger statistically significant

17



once we account for differences across hospitaisigtent over time, which are
absorbed into the hospital fixed effects (column @jhile the results remain
qualitatively unchanged after adding hospital stagvolume (column 3), the effect
of waiting times becomes negative and highly sigaiit when we also control for
clinical quality as captured by the risk-adjustedrtality and readmission rates
(column 4). This evidence calls attention to th@amance of explicitly accounting
for time varying quality dimensions, even after oling for quality differences

across hospitals that are fixed over time.

Columns 3 and 4 show that surgical volume has #iyp®s&nd significant effect on
hospital choice. However, the effect is of modesignitude'? As the specification
reported in the last column shows, the estimatesfficeents on both measures of
quality are negative, implying that hospitals beeomore attractive when they
manage to reduce mortality and readmission raté® dffect is significant at
conventional significance levels for both indicatoand larger for mortality than for

readmission rates.

Important insights on the factors underlying hasdpshoice decisions come also from
the interactions between hospital attributes arteemiacharacteristics. Our findings,

reported in column 4, point to the presence ofgrafce heterogeneity associated to
observable personal characteristics. Older pati@mtisthose living in rural areas are
less willing to travel, a result in line with prisesearch (e.g. Beckert et al, 2012).

These groups appear less sensitive to variatiguatity measures. Patients living in

12 As hospital choice can be modelled as dependingjuality, distance and waiting times only

(Gaynor et al, 2016), we have also performed oalyais excluding the volume of activity of the

hospital from the regressors. All the results, adé upon request, are highly robust to such
exclusion.

18



rural areas are discouraged relatively less bydomgiting times compared to urban
residents. Willingness to travel is higher amongdée patients and those with more
complex conditions, with the latter group also leskictant to wait. In addition,
patients living in areas with only one hospitalfpening PTCAs are less willing to
wait and less sensitive to differences in perforceamdicators. Finally, there is no
evidence of observed preference heterogeneity gpect to hospital volume as the

results of the interactions with patient charastess are close to zero.

As the CL specification relies on the IIA hypotlesie use the Hausman-McFadden
test to assess the validity of the assumption enpitesent context. We find evidence
that the IIA is not supported in our data. Thignieson is relaxed by the ML model,

the results of which are presented in the nextsadbdon.

5.2 Mixed logit estimates

Table 3 shows the results from th estimation, where the coefficient on distance
is allowed to vary across patients and follows griormal distributiot® All the
remaining coefficients are assumed to be fixednaghe CL specificatiof? We

estimate the ML model by maximum simulated liketidausing 50 Halton draws.

(Table 3 about here)

13 The log-normal distribution ensures that eachviiddial in the sample has a positive coefficient for
the variable considered. In this study, the coigffit on distance is expected to be negative for all
individuals, since travelling to more distant pretis is expected to impose a welfare loss on patien
other things equal. Hence, the negative of distésemtered in estimation, so that the associatgd |
normally distributed coefficient is negative foreey observation.

4 We have also explored alternative ML specificatitny allowing the coefficients on waiting times
and the quality indicators to be normally and lagmally distributed. However, the results do not
reveal significant preference heterogeneity fos¢hattributes (results available upon request).

19



The log-likelihood statistics indicate that the Mbodel fits the data better and
provide fairly similar results to those obtainednr the CL in terms of statistical
significance and signs (Table 3). The estimates fooir most preferred specification
(column 4) show that on average patients prefesetldospitals, shorter waiting
times and higher quality as measured by lower {@idjkisted) mortality rates. In this
case, distance has a larger impact compared tGlthmodel’® The coefficient on the

readmission rate is also negative albeit not sicgmit. Hospital volume of activity as
measured by the total number of PTCAs performetienyear prior to the admission
is positively associated with the probability thatients choose a given provider.

However, in line with the CL model, the magnitudehe effect is very small.

By comparing our findings for waiting times acrabe ML regressions (1)-(4), we
get the same indications drawn from the CL moddiilg\the effect of waiting times

on hospital choice is positive and significant lbefoontrolling for any dimension of
hospital quality, it turns to be insignificant onwe include hospital fixed effects, and
becomes negative and significant after accountilsg #r time varying hospital

quality. Such evidence strongly supports the pregaampirical strategy that jointly
controls for both time-invariant and time varyingnénsions of hospital quality. This
is crucial to identify the effect of waiting timeseparately from the influence of

relevant aspects of quality care that may be pasyticorrelated with waiting times.

15 As in our application, previous studies find tha® mean coefficients in the ML model are larger
than the fixed coefficients in the CL model, whighplies that a large share of the variance in
unobserved utility is given by the random paranseterg. Revelt and Train, 1998).
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In terms of preference heterogeneity related teesl personal characteristics, the
ML provides results similar to those of the CL mloddne main difference being that
the ML estimates display a lower than average mghiess to travel for foreign

patients and for those residing in ASLs with onhedospital providing PTCAs. The
ML results are suggestive of significant prefererierogeneity associated to
unobserved personal characteristics. The estinsdéedlard deviations of the distance
coefficient (bottom of Table 3) are highly signditt, supporting the choice of the
ML over the CL model. Unobserved preference hetmedy with respect to distance
suggests that there are groups of patients whasigreficantly more reluctant to

travel to distant providers for receiving a PT&AOther studies suggest that the
effect of distance may vary significantly acrosstiggas with different socio-

economic status, with those living in more inconegtived areas being more
sensitive than average to distance (e.g. Becket @012; Gutacker et al, 2016). As
our analysis is based on administrative data, waaddave information on patients’
socio-economic status, and our results on the ristacoefficient may reflect

unobserved differences in socio-economic charattesi across patients. The ML
model allows to overcome this data limitation by@mting also for unobserved

preference heterogeneity.

6. Size of the effect of waiting times and quality of care on hospital choice

We report in Table 4 a more directly interpretagleantification of the estimated

effects of waiting times and clinical quality based the results from the ML

1 This finding is in line with the results providegt Varkevisser et al (2012).
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specification reported in column (4) of Table 3n& we find no evidence of a
significant impact of readmission rates, we focums mortality rates as the only

empirically relevant measure of clinical qualitytms case.

(Table 4 about here)

Following Santos et al (2017), we estimate the dwh@asticity to waiting times and
quality. Precisely, we calculate the elasticitydeimand of hospitgl with respect to

own waiting times as the mean of:

Wi, A (Wi
E]-t]t =Zipijt(1_Pijt):8w( - 1) (3)

2iPijt

Using the same strategy, we derive the own qudbtyand elasticity of hospitalas

the average of the following equation:

E]-(ijt_l =i P (1 = Pj)f, (;:;:;) 4)
We find a mean waiting time elasticity equal ta18B, suggesting that an increase in
waiting times by 1.6 days (equivalent to 10% of #neerage waiting times) is
associated with a decrease in demand by around\8#b.respect to own quality, we
find a mean elasticity equal to - 0.905. This feggumplies that a 1% increase in
mortality rate (equivalent to 10% of the sample rage mortality rate) reduces

demand by around 0.9%.
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To gain further insights on the size of the effettwaiting times and quality on
hospital choice, we also derive the marginal rdtesudbstitutions between waiting
times, quality and travel distance. Specificallye first row and column of Panel A
gives the ratio of the marginal utility of waitingnes over the marginal utility of
distance for a patient with average characterigtiepresented by a male aged 69
years who hold the Italian citizenship, have a €q@ual to 1.028, and reside in urban
areas with multiple hospitals providing PTCAs). §hatio can be interpreted as the
reference patient’s willingness to travel (WTT) &irorter waiting times: it indicates
the additional distance that the reference patwemild be willing to travel for a
reduction in waiting times by 1 day. Our estimataply that the reference patient is
willing to travel about 1.1 kilometres for a 1 wee&duction in waiting times.
Similarly, the second row and first column of PaAgbrovides our estimates of the
reference patient’'s WTT for higher quality. We fiticht an average patient is willing
to travel about 3.5 kilometres for being treatedairhospital that ensures a 10%

reduction in the mortality rate.

In addition to the WTT for shorter waiting timesdafor higher quality, we examine
the reference patient’s trade-off between hospraating times and quality care, that
can be referred to as willingness to wait (WTW) batter quality. APanel B of

Table 4 shows, we find that a patient with averelgaracteristics is willing to wait

about 22 days for a reduction in the hospital ntityteate by 10%.

Given the highly heterogenous individual behavithat emerges from our analysis,
it is useful to provide some insights into how WTadd WTT vary with patient

characteristics. For this purpose, we report inld&bthe WTT and WTW estimates
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for different “patient-types”, where relevant chamistics varies each at a time,
while holding all other attributes constant at tbemple mean. The exercise is
performed for: females, foreigners, rural resideatsd patients at the #Gand 96"

percentiles of the age and CCI distribution.

(Table5 about here)

Gender does not seem to have a major impact owdlieatients trade-off attributes
of hospital care. Women are slightly less willifgam men to travel for reducing
waiting times and gaining access to better perfogngentres. On the contrary, age
differences affect both WTT and WTW for better diyal Patients at the 10

percentile of the age distribution (55 years of)agee much more responsive to
differences in outcomes across hospitals comparquhtients at the $0percentile

(89 years of age). The latter group being essénir@ensitive to changes in waiting

times or performance rates.

Patients at different severity levels display défg WTW for better quality. Those
whose CCI score equals 0 {18ecile of the distribution) are slightly less kderwait
than the average patient, while patients in monerseconditions (CCI = 5, 80
decile of the distribution) are more willing to dexoff longer waiting times for
gaining access to better performing centres. Istergly, WTT for better quality does

not vary substantially across severity.

Whereas foreigners are characterised by a largef Wi both reduced waits and

increased quality compared to natives, residentsiial areas are more reluctant to
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use more distant facilities compared to urban ptgieAs for the WTW for better
quality, foreigners come out as more keen tharatlezage patient to wait longer in

exchange for better quality, while rural resideares willing to do so relatively less.

7. Discussion and conclusions

Our paper estimates the demand responsivenessatgeh in waiting times using
patient-level data on elective PTCA surgeries m Iltalian NHS. In this institutional
context, where patients have free choice of hospéad are not charged at the point
of consumption, demand pressure calls for the is®w-price rationing strategies,
and thus waiting times for elective proceduresexgected to affect hospital choice.
A major empirical challenge when estimating thestitity of demand with respect to
waiting times is the possible positive correlatlmetween waiting times and hospital
quality. To address this issue, we control for botie-invariant hospital quality (via
the hospital fixed effects) and time varying aspafthospital quality as measured by

risk-adjusted mortality and readmission rates fivtl A

Using discrete choice models and exploiting theepaata structure, we document
the importance of jointly accounting for time-iniat differences across hospitals as
well as for time varying measures of clinical gtyaliOur results show that waiting
times have a negative and statistically signifideagact on hospital demand which is
rather small in magnitude. We also highlight thatignts are responsive to variations
in mortality rates over time, while being less s&ves to readmission rategvhilst the

mortality rate is the most commonly used measuréhi® quality of clinical services,
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whether the readmission rate may also be a vaticcamor of clinical outcome is
debated (Romano et al, 2004). Our finding that hakghoice is significantly
affected by changes in mortality rates, but noteiadmission rates, supports the use
of the first measure as the one that best captugslity dimension that matters to

patients.

Our analysis also finds evidence of significantf@mence heterogeneity in the study
sample. Patient characteristics affect both thatility from distance and the trade-
off between different hospital attributes, inclugliwaiting times and clinical quality.
We find that WTT for shorter waiting times and fbigher quality varies with
personal characteristics. In particular, our resirtlicate that rural patients are less
sensitive to both waiting times and quality, andokéain very small WTT and WTW
estimates for this group. Patients with higher ggveare less willing to travel for
shorter waiting times, and more willing to wait fleigher quality. Finally, patients’
responsiveness to quality significantly decreasil age, so that for older patients
the estimated WTT and WTW for seeking higher guatére drop to zero. These
findings bear relevant policy implications sincedenobile patients are more likely to

suffer when poor-quality services are deliveredliyc

Previous contributions on hospital choice haveistlithe impact of waiting times on
the demand for elective procedures exploiting imhligl data. However, most of
them employed cross-sectional data and controlied Hospital quality using
measures such as mortality and readmission ratep Beckert et al, 2012,
Varkevisser et al, 2012). As far as we are awarkey2012) is the only contribution

that exploits a panel data strategy to estimatelgsicity of demand to waiting times
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for hospital care. The study controls for qualitifedences via hospital fixed effects,
thereby relying on the assumption that hospitaliyuss largely fixed over time. In
contrast, our paper relaxes this assumption byngakidvantage of a dataset that
allows to disentangle the effect of waiting timesnf that of both time-invariant and
time varying hospital quality dimensions that mag positively correlated with
waiting times. Our analysis shows that omitting rsdactors produces downward

biased estimates of the patients’ responsivenessiting times.

The results from our most general specification €@t as consistent with previous
studies showing that waiting times have a smalldignificant negative effect on the
demand for NHS inpatient care. This conveys immpariaplications for highly
regulated health care sectors. A relevant concarrsuch contexts is whether
increasing NHS resources can be considered asidapallcy instrument to reduce
the size of waiting times. However, the compleerattion between demand and
supply side factors in determining waiting timeggests that increasing funding for
public sector treatments may not always resulieoiucing waiting times effectively
(e.g. Siciliani and Iversen, 2012). The key arguimienthat, since in NHS-type
systems the price at the point of consumption rs,z@creasing NHS capacity may
bring forward previously latent demand. The smallireates on the elasticity of
demand with respect to waiting times provided by siudy suggest that the patients’
response following a reduction in waiting timesikgly to be relatively small. Net of

this effect, increasing health care resourcespeebed to shorten waiting times.

Finally, our finding that hospital choice is sigoéntly affected by changes in clinical

guality suggests that increasing the scope forityuadmpetition may have beneficial
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effects also in highly regulated settings wheregwiare fixed. We have shown that,
even in such contexts, patients’ sensitivity tolduaariation makes hospitals with
better health outcomes more attractive. Hence,igeos have incentives to sustain
guality to the extent that money follows patientidemns. At the same time, policy-
makers should monitor the possible consequencesnms of access to high quality
care for those patients who are unlikely to bypasal providers given their personal

characteristics.
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Table 1. Descriptive statistics: years 2008-2011

Variable M ean SD
Hospital characteristics
Median annual inpatient waiting times 16.184 29.4
Between-hospital variation 8.165
Within-hospital variation 4.890
Volume of all (elective and non-elective) PTCA 289 655.165
Between-hospital variation 660.499
Within-hospital variation 83.671
Mortality rate from AMI 9.891 2.560
Between-hospital variation 1.844
Within-hospital variation 1.798
Readmission rate for AMI 7.523 8.300
Between-hospital variation 8.184
Within-hospital variation 1.949

Patient characteristics

Distance to hospital visited (km) 18.574 19.124
Distance to closest hospital (km) 6.424 6.404
Female 0.263 0.440
Age 69.024 11.447
Foreigner 0.017 0.130
Charlson comorbidity index (CCI) 1.028 1.419
Patient area of residence: Rural 0.299 0.458
Semi-rural 0.322 0.467
Urban 0.379 0.485
One local provider (within patient’'s LHA of residce) 0.316 0.465

Sample characteristics

No. of hospitals 22
No. of patients 15,706

PTCA, Percutaneous Transluminal Coronary AngioglasiMIl, Acute Myocardial Infarction. LHA, Local Héth
Authority.

Notes: "omitted category in regressions.
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Table 2. Results from conditional logit estimation of hogpithoice

Independent variable Model 1 Model 2 Model 3 Model 4
Distance -0.052*%**  -0.021*** -0.020*** -0.019***
(0.003) (0.003) (0.003) (0.003)
Waiting times 0.029*** -0.004 -0.010 -0.041%**
(0.007) (0.009) (0.010) (0.011)
Volume of all PTCA - - 0.001*** 0.001***
(0.000) (0.000)
AMI mortality rate - - - -0.241%**
(0.036)
AMI readmission rate - - - -0.031*
(0.016)
Interactions with distance
Female 0.010*** 0.010*** 0.008*** 0.008***
(0.002) (0.002) (0.002) (0.002)
Age -0.001***  -0.001*** -0.001*** -0.001***
(0.000) (0.000) (0.000) (0.000)
Foreigner -0.001 -0.001 0.001 0.001
(0.005) (0.005) (0.005) (0.005)
CClI 0.004*** 0.004*** 0.003*** 0.003***
(0.000) (0.001) (0.001) (0.001)
Rural 0.022*** -0.018*** -0.017*** -0.018***
(0.002) (0.002) (0.002) (0.002)
Semi-rural 0.030*** -0.027*** -0.028*** -0.028**
(0.002) (0.002) (0.002) (0.002)
One local provider -0.011*** 0.005** 0.001 0.000
(0.002) (0.002) (0.002) (0.002)
Interactions with waiting times
Female 0.004 0.008** 0.006 0.006
(0.003) (0.004) (0.004) (0.004)
Age -0.000 -0.000*** -0.000*** -0.000
(0.000) (0.000) (0.000) (0.000)
Foreigner 0.001 -0.006 0.000 -0.003
(0.009) (0.012) (0.012) (0.013)
CClI 0.003*** 0.005*** 0.003*** 0.003**
(0.001) (0.001) (0.001) (0.001)
Rural 0.008** 0.015*** 0.021*** 0.030***
(0.003) (0.005) (0.005) (0.005)
Semi-rural 0.030*** 0.017*** 0.020*** 0.028***
(0.003) (0.005) (0.005) (0.005)
One local provider -0.077**  -0.065*** -0.075***  -0.057***
(0.003) (0.005) (0.005) (0.006)
Interactions with volume
Female - - 0.000*** 0.000***
(0.000) (0.000)
Age - - -0.000*** -0.000***
(0.000) (0.000)
(continued)
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Table 2. (continued)

Independent variable Model 1 Model 2 Model 3 Model 4
Foreigner - - 0.000 -0.000
(0.000) (0.000)
CClI - - 0.000*** 0.000***
(0.000) (0.000)
Rural - - -0.000*** -0.001***
(0.000) (0.000)
Semi-rural - - -0.000*** -0.000***
(0.000) (0.000)
One local provider - - 0.000*** 0.000**
(0.000) 0.000
Interaction with AMI death rate
Female - - - 0.008
(0.013)
Age - - - 0.003***
(0.000)
Foreigner - - - -0.040
(0.042)
CClI - - - -0.004
(0.004)
Rural - - - 0.022
(0.017)
Semi-rural - - - 0.001
(0.017)
One local provider - - - 0.087***
(0.015)
Interaction with AMI readmission rate
Female - - - 0.001
(0.005)
Age - - - 0.000
(0.000)
Foreigner - - - 0.004
(0.017)
CClI - - - -0.002
(0.002)
Rural - - - 0.041%**
(0.008)
Semi-rural - - - 0.043***
(0.008)
One local provider - - - 0.021***
(0.006)
Hospital FEs N Y Y Y
Log-likelihood -16,646.4 -12,775.66  -12,683.29 @0AK.821
Number of observations 341,471 341,471 341,471 4341,

PTCA, Percutaneous Transluminal Coronary AngioglasMI, Acute Myocardial Infarction.
Notes. All hospital-specific indicators are lagged byeowgear. Standard errors are in parentheses. **fcatds
significance at 1%; ** indicates significance at 5%ndicates significance at 10%.
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Table 3. Results fronmixed logit estimation of hospital choice

I ndependent variables Model 1 Model 2 Model 3 Model 4
Distance -0.106***  -0.170*** -0.176*** -0.173***
(0.004) (0.006) (0.006) (0.006)
Waiting times 0.040*** 0.014 0.006 -0.031**
(0.008) (0.011) (0.012) (0.013)
Volume of all PTCA - - 0.002*** 0.002***
(0.000) (0.000)
AMI mortality rate - - - -0.268***
(0.045)
AMI readmission rate - - - -0.006
(0.019)
Interactions with distance
Female -0.009***  -0.009*** -0.007*** -0.007***
(0.002) (0.002) (0.002) (0.002)
Age 0.001*** 0.000*** 0.000*** 0.000***
(0.000) (0.000) (0.000) (0.000)
Foreigner -0.005 -0.012** -0.014** -0.014**
(0.005) (0.006) (0.006) (0.005)
CClI -0.003***  -0.003*** -0.002*** -0.002***
(0.001) (0.001) (0.001) (0.001)
Rural -0.025*** 0.000 -0.001 -0.001
(0.002) (0.002) (0.002) (0.002)
Semi-rural -0.032*** 0.006** 0.007*** 0.007***
(0.002) (0.002) (0.003) (0.003)
One local provider 0.008***  -0.006*** -0.005** -0.005**
(0.002) (0.002) (0.002) (0.002)
Interactions with waiting times
Female 0.005* 0.011*** 0.008* 0.009*
(0.003) (0.004) (0.004) (0.005)
Age -0.000***  -0.001*** -0.001*** 0.000
(0.000) (0.000) (0.000) (0.000)
Foreigner -0.000 -0.010 -0.003 -0.007
(0.010) (0.015) (0.015) (0.016)
CClI 0.004*** 0.006*** 0.004*** 0.004**
(0.001) (0.001) (0.001) (0.002)
Rural 0.010*** 0.013** 0.013** 0.023***
(0.004) (0.006) (0.006) (0.006)
Semi-rural 0.032*** 0.012** 0.010* 0.015**
(0.004) (0.005) (0.006) (0.006)
One local provider -0.080***  -0.071*** -0.079*** -0.061***
(0.003) (0.005) (0.006) (0.007)
Interactions with volume
Female - - 0.000*** 0.000***
(0.000) (0.000)
Age - - -0.000*** -0.000***
(0.000) (0.000)
Foreigner - - -0.000** -0.000**
(0.000) (0.000)
(continued)
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Table 3. (continued)

| ndependent variables Model 1 Model 2 Model 3 Model 4
CClI - - 0.000*** 0.000***
(0.000) (0.000)
Rural - - -0.000*** -0.000***
(0.000) (0.000)
Semi-rural - - 0.000 0.000
(0.000) (0.000)
One local provider - - 0.000*** 0.000*
(0.000) (0.000)
Interactions with AMI death rate
Female - - - 0.014
(0.016)
Age - - - 0.003***
(0.001)
Foreigner - - - -0.053
(0.051)
CClI - - - 0.001
(0.005)
Rural - - - 0.057***
(0.020)
Semi-rural - - - 0.022
(0.020)
One local provider - - - 0.081***
(0.019)
Interactions with AMI readmission rate
Female - - - -0.006
(0.007)
Age - - - 0.000*
(0.000)
Foreigner - - - 0.005
(0.021)
CClI - - - -0.004*
(0.002)
Rural - - - 0.007
(0.009)
Semi-rural - - - 0.003
(0.009)
One local provider - - - 0.024***
(0.008)
SD of distance 0.060***  0.160*** 0.162*** 0.160***
(0.004) (0.011) (0.012) (0.012)
Hospital FEs N Y Y Y
Log likelihood -16,424.6  -12,302.8 -12,198.5 -12,148.7
Number of observations 341,471 341,471 341,471 341,471

PTCA, Percutaneous Transluminal Coronary AngioglasMI, Acute Myocardial Infarction.
Notes: All hospital-specific indicators are lagged byeoyear. The coefficient on distance is specifietb¢édog-normally
distributed. The models are estimated using Statéogit command (Hole, 2007). Standard errors iarparentheses.

*** indicates significance at 1%; ** indicates sifjoance at 5%; * indicates significance at 10%.
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Table 4. Quantitative effects of waiting times and clinigalality on hospital choice

Panel A
WTT Aver age elasticity
Waiting times (days) 0.158 -0.186
Mortality rate from AMI (%) 0.351 - 0.905
Panel B
WTW
Mortality rate from AMI (%) 2.222

AMI, acute myocardial infarction. WTT, willingness travel. WTW, willingness to wait.
Notes: Results based on the mixed logit regression innep (4) of Table 3. Estimates derived for the refice patient.

Table 5. Willingness to travel and willingness to wait esdiies across different patient groups

Female Age=55years Age=89years Foreignee CClI =0 CCl=6 Rural

WTT

Waiting times (days) 0.110 0.158 0.158 0.217 9.17 0.043 0.024
Mortality rate from AMI (%) 0.280 0.596 0.000 0.720 0.353 0.342 0.018
WTW

Mortality rate from AMI (%) 2.500 3.800 0.000 3.323 1.968 7.800 0.750

AMI, acute myocardial infarction. WTT, willingness travel. WTW, willingness to wait.
Notes: Results based on the mixed logit regression iango (4) of Table 3.
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