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Abstract

To assess strategic interactions in industries where endogenous product
characteristics are unobserved to the researcher, we propose an empirical
method that brings a competition-in-utility-space framework to the data.
We apply the method to the French hospital industry. The utilities offered to
patients are inferred from local market shares under AKM exclusion restric-
tions. The hospitals’ objective functions are identified thanks to the gradual
introduction of stronger financial incentives over the period of study. Offer-
ing more utility to each patient entails incurring higher costs per patient,
implying that utilities are mostly strategic complements. Counterfactual
simulations show that stronger incentives affect market shares but have lit-
tle impact on the total number of patient admissions. We quantify the

resulting gains for patients and losses for hospitals.
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1 Introduction

In many contexts (education, health care, media and cultural industries, tourism,
local public goods, etc.), the products and services offered to consumers involve a
high number of attributes, the quality of which is difficult to quantify and often
unobserved to the researcher. To understand the functioning of markets under such
circumstances, we bring the competition-in-utility framework of Armstrong and
Vickers (2001) to the data. We subsume all unobserved characteristics into a one-
dimensional utility index that serves as a sufficient statistics for perceived quality,
reputation, and all the determinants of product attractiveness. Compared to
the standard price competition setting, our method involves two main challenges.
First, utilities, contrary to prices, are unobserved and must be inferred from the
data. Second, not only the level of marginal costs need to be recovered, but
also their variation with the utilities provided to consumers. Hence two primitive
parameters of marginal costs —intercept and slope— are to be identified, rather
than a single one in the price oligopoly framework.

Based on this approach, this article evaluates the causal impact of the activity-
based payment system on the French hospital industry. The funding rule, which
is similar to the prospective payment system in force in most developed countries,
has become the béte noire of public hospitals, as Le Monde put it in 2018.1 The
newspaper calls the payment system “inflationary”, suggesting that it creates in-
centives for hospitals to produce as many medical acts as possible. Managers and
medical staff complain that the new payment rule promotes a financial logic in the
management of nonprofit hospitals, encourages them to admit more patients to
avoid budget deficits, and ultimately triggers a “race to activity”.? Our method-
ology allows to assess the validity of these assertions. By simulating a number of
counterfactual scenarios, we are able to disentangle the effects of the reform from
changes in demand and supply conditions. We can thus evaluate the medium-run
impact of the new payment rule on the number of admissions, the market shares,

patient surplus and hospital revenues.

We model hospitals as supplying utility directly to patients. First, we infer

!See Pommiers (2018), entitled: “What about the activity-based payment system that crys-
tallizes tensions in hospital?”.

2A couple of administrative reports commissioned by the government criticize the activity-
based funding rule for creating excessive incentives to compete for patients. For instance, Boissier
(2012) states that “in case of direct competition between two hospitals for the same activity in
a given local area, the funding instrument does not encourage the hospitals to cooperate or
to share services. Indeed, each hospital has an incentive to increase activity to earn more
revenue.” See also Hubert and Martineau (2015), Veran (2017). In response to these concerns,
candidate Emmanuel Macron promised during the 2017 presidential campaign to cap activity-
based revenues to 50% of total hospital revenues.



the utilities provided by hospitals from the observation of market shares at a fine
geographic level. French hospitals compete to attract patients located in about
37,000 postal code locations, each hospital being connected to others through a
high number of patient locations (in the sense that competing hospitals receive
patients from the same locations). We can thus apply the estimation procedure
developed by Abowd, Kramarz, and Margolis (1999) to recover hospital effects,
while controlling from average health status at the postal code level. In prac-
tice, we include two-way high-dimensional fixed effects in a discrete-choice setting
of Berry (1994), where patients trade off perceived utilities offered by hospitals
against travel costs. The hospital effects, which represent the average utility pro-
vided by hospitals to patients, are identified from the connectivity of the graph
formed by hospitals and patient locations.

Second, we set up a static oligopoly model where hospitals compete for patients
by offering them utility. Hospital preferences depend on the number of admitted
patients and the average utility provided to them. We consider the simplest pos-
sible functional form for the hospitals’ objective functions. We assume constant
returns to scale, with marginal costs being linear in the utilities provided to pa-
tients. The gradual introduction of the activity-based payment system over our
period of study provides us with an exogenous change that allows to identify both
the intercept and the slope of the marginal cost functions under the assumption
of stable preferences. Thus, while the identification of patient choice is based on
the geographic dimension, that of hospital costs and preferences crucially exploits

the time dimension.

Our main findings are as follows. Regarding the preferences of patients, we
find higher travel costs for elders, women and poorer individuals. Richer patients
have an intrinsic preference for private for-profit hospitals. The metric we use
to measure the average utilities provided to patients is travel time. We find a
sizeable dispersion in the utilities offered to patients: the interquartile range of
the estimated utilities is equivalent to between 15 and 20 minutes travel time, to
be compared with the median travel between patient home and hospital location,
namely 22 minutes. We thus document, through a revealed preference approach,

a strong heterogeneity in attractiveness among French hospitals.

On the supply side, we uncover a trade-off faced by hospitals in the short-to-
medium run, between raising the number of admitted patients and lowering the
utility provided to them. We find that hospitals would be better off by admitting
more patients and providing them with a lower utility, which of course is not com-
patible with demand behavior. In equilibrium, the marginal rate of substitution

between activity and utility is determined by the sensitivity of demand with re-



spect to utility. The tradeoff is reminiscent of Pope (1989)’s framework, where a
hospital can increase its “perceived quality” by spending a per-admission amount
on services, personnel, and facilities. Under many realistic circumstances, increas-
ing the utility offered to each patient translates into higher costs per patient, which

affects negatively the hospital objective function.

Having estimated hospital preferences, we are able to compute by how much a
hospital would raise the utility offered to patients in response to stronger financial
incentives if all competitors kept their own utilities unchanged (“direct effects of
incentives”). We find that among nonprofit hospitals, private hospitals are more
responsive to financial incentives than state-owned hospitals. We are also able
to compute by how much a hospital would alter the utility it offers to patients
in response to competitors changing their utility (“strategic effects”). We find
that for almost all ordered pairs of hospitals, the slope of the corresponding reac-
tion function is positive, suggesting that competitive interactions exhibit strategic
complementarity. These interactions are strong: 10% (respectively 50%) of the
hospitals are exposed to a competitor with respect to which the slope of the re-
action function is larger than .17 (resp. .08). The intensity of these interactions
decreases with the distance between the two hospitals as the intuition suggests. In
practice, when financial incentives are changed for certain hospitals, both direct
and strategic effects operate, which, together with changes in demand and supply

conditions, gives rise to a new equilibrium in the industry.

Turning to policy evaluation, our main objective is to disentangle the effects
of financial incentives from demand and supply shocks. Over our period of study
(2005-2008), when financial incentives have been much strengthened for nonprofit
hospitals while those of private hospitals remained approximately constant, the
number of surgery admissions increased by 8.6% in the nonprofit sector while
it stagnated in the for-profit sector. In the spirit of the literature on ez post
evaluation of merger simulation (Peters, 2006; Bjornerstedt and Verboven, 2016),
we compute counterfactual Nash equilibria to break down the observed effects
of the policy reform into a number of separate components: (i) the response to
stronger financial incentives, (ii) aggregate industry shocks, (iii) hospital-specific
demand shocks, (iv) hospital-specific supply shocks. To assess the magnitude of
strategic effects, we simulate out-of-equilibrium configurations where each hospital
responds to incentives while the other hospitals’ strategies are kept fixed.

For the eight clinical departments under consideration, we find that the stronger
incentives in the nonprofit sector have caused activity to grow in that sector (by
3% to 12% according to the department), to decline in the for-profit sector (by
-1% to -6%), the overall effect being a modest increase (+.2% to +1.2%) at the



industry level. When we neutralize strategic effects, the fall in activity of for-profit
hospitals is slightly more pronounced (because those hospitals are then prevented
from responding to the rise in utility by nonprofit hospitals) and the overall rise
in activity is even weaker than indicated above (it is lower than 1% in the eight
clinical departments). Comparing to the observed outcomes, we find that the
change in incentives accounts well for the aggregate shift in market shares from
the for-profit sector to the nonprofit sector, but poorly for changes in total ac-
tivity. For instance, in orthopedics, we find that the stronger incentives in the
nonprofit sector caused its market share to raise by 1 percentage point while in
practice it raised by 1.2 percentage point over the period 2005-2008. By con-
trast, incentives are found to be responsible for an increase of total activity of .2%
to be compared with the much larger increase (4.1%) observed in practice. The
difference is mostly explained by industry-wide evolutions and hospital-specific
demand shocks. Strategic effects and hospital-specific supply-side shocks play a
more modest role.

Altogether, we find little empirical support for the claim that the introduction
of the activity-based payment in the nonprofit sector has triggered a race to ac-
tivity. Rather, we show that the main causal effect of the reform has been to shift
market shares away from for-profit hospitals to nonprofit hospitals. This finding
is robust to the size of the potential demand. The mechanism underlying the shift
in equilibrium due to the introduction of the activity-based payment for nonprofit
hospitals can be explained as follows. In response to the stronger incentives placed
on them, nonprofit hospitals raise the utility they offer to patients. The for-profit
hospitals react by raising their own utility by a substantially lesser amount —about
ten times smaller, consistent with the estimated slopes of the reaction functions.
Patients benefit from these utility rises, with the benefit corresponding to a 2%
to 17% reduction in travel time (depending on the clinical department) for the
median hospitalized patients. Hospitals, however, are much worse off at the new
equilibrium. The non-revenue part of their objective function, which reflects in
particular pecuniary and nonpecuniary costs, diminishes by an amount that is of
the same order of magnitude as their activity-based revenues at the beginning of

the period.

The paper is organized as follows. Section 2 connects our study to the related
literature. Section 3 describes the French hospital industry and presents our data
set. Section 4 estimates patient travel costs and the utilities offered by hospitals,
explains how to approximate the size of the potential demand, and presents the
elasticities of demand with respect to utilities. Section 5 sets up the competition-

in-utility framework and estimates the preferences of hospitals. Reaction functions



and the nature of strategic interactions are discussed. Section 6 contains counter-
factual simulations, in particular the decomposition of the observed evolution of
activity into the effects of the policy reform and of changes in demand and supply

conditions. Section 7 concludes.

2 Related literature

The present article builds and expands on the empirical industrial organization
literature. Following Berry, Levinsohn, and Pakes (1995), many studies have es-
timated oligopoly models under price competition. More recently, a couple of
papers have examined competition with endogenous product characteristics (e.g.,
Draganska, Mazzeo, and Seim, 2009; Fan, 2013; Eizenberg, 2014), addressing the
issue of endogenous observed quality. These papers adopt as we do parametric
specifications for consumer preferences as well as for fixed and variable production
costs.> Because we deal here with unobserved quality attributes, that is, with en-
dogenous unobservables, we need to further simplify the modelling of the supply
side by assuming constant returns to scale. In our framework, fixed costs play no
role;* only costs that are variable per patient matter, which is plausible given the

time frame we consider (short-to-medium run).

The empirical studies that are more closely related to the present work are
Hackmann (2019) and Eliason (2017). Our data and method, however, are very
different from theirs. Contrary to us, these two articles rely on sufficient statistics
for quality: Hackmann (2019) uses the nurse-to-resident staffing ratios in the
nursing home industry while Eliason (2017) uses five indicators of clinical quality
and patient outcomes for outpatient dialysis.” Both papers assume as we do that
the variable cost per patient depends on quality, but in their framework firms
compete in quality (and potentially price), while in ours they compete directly
in utility. Moreover, while Eliason (2017) considers an entry game with capacity
choice, we take the structure of the surgery industry as given (there has been very

little change in this respect over our period of study).

Our work is also connected to the strand of literature that estimates discrete
choice models of hospital demand (e.g., Kessler and McClellan, 2000; Tay, 2003;

3Berry and Haile (2014) and Berry and Haile (2016) discuss the nonparametric identification
of demand and supply models.

4See Brekke, Siciliani, and Straume (2011) and Cellini, Siciliani, and Straume (2018) for
theoretical models of quality competition that include both variable and fixed costs.

°In the U.S. nursing home case studied by Hackmann (2019), 24% of residents pay the private
rate set by the nursing home, which is an important difference with the French surgery industry.
The U.S. market for outpatient dialysis studied by Eliason (2017), where there is little price
competition due to the dominance of Medicare, is closer to the French environment.



Ho, 2006; Gowrisankaran, Lucarelli, Schmidt-Dengler, and Town, 2011; Ho and
Pakes, 2014; Gaynor, Propper, and Seiler, 2016). We depart from the litera-
ture in two important dimensions. While most of the existing studies assume
a maximum threshold for the distance that patients consider traveling to visit
a hospital, we make no a priori assumption on the boundaries of market areas.
Taking advantage of the richness of the data in the geographic dimension, we
recover the utilities offered to patients by each hospital from the variations of
relative market shares across patient locations. The utilities are identified at the
hospital-clinical department-year level, controlling for demand variations at the
patient location-clinical department-year level. We exploit the connectivity of the
bipartite graph formed by hospitals and patient locations: all hospitals compete
with others in many patient locations, creating many connections between hospi-
tals in the one-node projected graph. Our method thus combines insights of the
economics of network data (Abowd, Kramarz, and Margolis, 1999; Jochmans and
Weidner, forthcoming) with demand estimation methods that are now standard
in empirical industrial organization (Berry, 1994; Nevo, 2000). In a different vein,
Finkelstein, Gentzkow, and Williams (2016) exploit patient mobility across hos-
pital areas to separate demand from supply in the determination of health care
utilization.

Next, and related to the earlier point, while most of the existing studies exam-
ine hospital choice conditional on hospitalization, we consider the outside option
of not undergoing surgery —which potentially includes hospitalization without a
surgery intervention. We need to approximate the size of the potential demand
to tackle the issue of whether financial incentives have encouraged hospitals to
increase the number of surgery admissions.® To this aim, we follow Dubois and
Lasio (2018) and use the method suggested by Huang, Rojas, et al. (2013) and
Huang and Rojas (2014). The method identifies the size of the potential demand
as being such that controlling for market fixed effects does not affect the estima-
tion of patient preferences (in particular, utilities and travel costs). We check the

robustness of our main findings to the approximated potential demand.
Third, our work is related to the literature on hospital financial incentives. The
policy reform we are considering, namely the introduction of an activity-based

payment rule, is quite similar to the introduction of the prospective payment

6In support of the activity race hypothesis, the above-cited Le Monde article, Pommiers
(2018), refers its readers to the Ministry of Health documenting that the number of surgery
admissions has increased in the nonprofit sector more rapidly than in the for-profit sector after
the former has been exposed to the new payment rule (Choné, Evain, Wilner, and Yilmaz, 2014).
A difference-in-differences analysis, however, is not enough to distinguish shifts in market shares
(business stealing) from an increase in the aggregate number of admissions (market expansion).



system (PPS) for the Medicare program in 1983. There is however a notable
difference between the American and French reforms, namely their starting point:
a cost-based reimbursement system in the U.S. versus global budgeting in France.
The change from cost-plus to price-cap regulation in the American case triggered
the fear that hospitals would respond by providing less treatment for patients,
with potentially negative effects on quality outcomes (see Cutler, 1995), a different
policy concern than the above-mentioned “race to activity”.” Another series of
work investigate how the responsiveness to financial incentives depends on the
legal or ownership status of a hospital (Duggan, 2000, 2002; Gaynor and Vogt,
2003; Lakdawalla and Philipson, 2006). We follow the literature by allowing for

much heterogeneity in the incentives of each hospital to attract additional patients.

3 Institutional context and data

In France, hospital choice is and has always been unrestricted. The choice may
result from a joint decision of the patient, her family and the general practitioner,
but the latter has no financial interest in the decision. There is a complete discon-
nection between the funding systems of ambulatory care and hospital care.® As
regards the latter, most of the expenditures are funded by the basic mandatory

public health insurance system, see Appendix A.1 for details.

3.1 The hospital industry and the payment reform

The industry has historically been divided into two “sectors” according to the legal
status of hospitals, either for-profit or nonprofit. For-profit hospitals are numerous
in France, with about 500 hospitals in surgical care. Nonprofit hospitals can be
either state-owned (public hospitals, including teaching hospitals) or private. All
nonprofit hospitals share the same obligations in terms of public service (e.g., no
restriction in access to care; 24/7 operating time). Private nonprofit hospitals
are owned by private institutions such as associations, religious institutions, or

nonprofit supplementary health insurers (mutuelles).”

"See also Acemoglu and Finkelstein (2008) for an assessment of the impact of the U.S. reform
on technological processes (capital-labor ratios).

8The GPs contracting system contains no regulatory feature that could systematically inter-
fere with referral decisions, contrary for instance to what happened in England prior to the 2006
NHS reform studied by Gaynor, Propper, and Seiler (2016). No capitation scheme, such as the
one designed by U.S. insurers and described by Ho and Pakes (2014), has ever existed in France.

9Private nonprofit hospitals claim to share the same ethic values as public hospitals. Their
profit is fully employed to innovate, invest in new equipments or develop new services for patients.
Although they have the same obligations in terms of service, they are not subject to the same
constraints in terms of internal organization or procurement.



Both sectors have now moved to a fixed-price activity-based payment. The
change was completed as early as 2005 in the for-profit sector, and financial in-
centives have not dramatically evolved thereafter in that sector. Before 2005,
for-profit hospitals were already submitted to a prospective payment based on
DRG prices. The reimbursement rates, however, included a per diem fee: as a
result, they depended on the length of stay. Moreover, these rates were negoti-
ated annually and bilaterally between the local regulator and each hospital, and
were consequently history- and geography-dependent. Starting 2005, all for-profit
hospitals have been reimbursed the same rate for a given DRG and those rates no

longer depend on the length of stay.

By contrast, for nonprofit hospitals, the payment reform has represented a fun-
damental change in the funding principles. Indeed, over the years 1984 to 2004,
those hospitals have been funded through an annual lump-sum transfer from the
government known as “global endowment” (“dotation globale”), which depended
very loosely on the nature or evolution of their activity. The funding rule was
notoriously inefficient, with the development of expanding hospitals being con-
strained by scarce resources, while hospitals with less patient admissions earned
rents. It was therefore replaced in 2005 with an activity-based payment system,
whereby each patient stay is assigned to a diagnosis-related group (DRG) and
paid a fixed price accordingly, as is the case in most developed countries. The
shift from global budgeting to the activity-based payment rule, however, has been
implemented gradually. For the concerned hospitals, activity-based revenues ac-
counted for 10% of the resources in 2004, the remaining part being funded by a
residual endowment. The share of the budget funded by activity-based revenues
has been increased to 25% in 2005, to 35% in 2006, to 50% in 2007, and eventually
to 100% in 2008. The residual endowment has been accordingly reduced in the
process, and eventually suppressed in 2008.1° The effect of the reform on hospital

revenues has been approximately neutralized.

Formally, denoting by 7iF and r3F the DRG rate administratively set at year ¢
for DRG D in the for-profit and in the nonprofit sector at the national level, the
reimbursement rates that applies to a particular hospital j are given during the

phase-in of the reform as follows:

(1)

- riy  if j € FP
! MNP if j € NP,

10A series of lump-sum transfers have subsisted, some of which are linked to particular activ-
ities such as research and teaching.



where \; are the phase-in coefficients:

()\20057 )\20067 )‘20077 )‘2008) = (257 357 ~57 1) (2)

In practice, the rates that have actually been applied by the regulator slightly

differed from the above theoretical values, see Appendix B for details.

3.2 Scope of the study

Our data set covers the four-year phase-in period of the payment reform, namely
the years 2005 to 2008. The geographic area under consideration is mainland
France, i.e., metropolitan France at the exclusion of Corsica.

We concentrate on surgery services, restricting our attention to the eight clin-
ical departments (out of nineteen) that account for the highest number of admis-
sions: orthopedics, ENT-stomatology, ophthalmology, gastroenterology, gynaecol-
ogy, dermatology, nephrology and circulatory system. These departments have
received 21 million admissions over the period.!'* As regards surgery, the structure
of the hospital industry has remained constant over the period of study, with no

hospital closure or significant merger.

Data The empirical analysis primarily relies on two administrative sources based
on mandatory reporting by each and any hospital in France: Programme de
Médicalisation des Systémes d’Information (PMSI) and Statistique Annuelle des
Etablissements de santé (SAE). Both sources cover exhaustively the universe of
French hospitals. The former contains all hospital admissions, providing in par-
ticular the patient postal code and the DRG to which the patient stay has been
assigned. The latter provides information about equipment, staff and bed capac-
ity. Available data sources in France do not contain the information whether a
procedure has been scheduled in advance, and therefore do not allow to distinguish

elective surgery from urgent surgery.!?

We observe the list of DRG rates set by the regulator at the national level in
each of the two legal sectors. Further details are provided in Appendix B. Finally,

U Together, the nineteen clinical departments have received 23 million surgery admissions over
the period of study.

12The question of whether the patient arrived through the hospital emergency department has
been introduced in the administrative questionnaire in 2004. Because the variable did not enter
the DRG classification algorithm and did not matter for reimbursement purposes, the quality of
the response was initially very poor and improved gradually over time. As hospitals started to
correctly fill in the information, the apparent “emergency rate” nearly doubled over the period
2005-2008, which makes it unusable for our longitudinal analysis.



we collected demographic variables (education, population, median income, share

of elder people, of women) at the postal code level.

Sample selection Table 1 depicts the successive selection steps from the orig-
inal PMSI database to the working sample (see Appendix A.2 for details). The
selection process leaves us with 85% of the whole 5.3 million surgery admissions
per year in the eight main clinical departments. Our working sample contains
finally 17,945,047 stays from 2005 to 2008. It includes 942 hospitals, among which
423 nonprofit hospitals (353 state-owned, 70 private nonprofit hospitals) and 519
private, for-profit hospitals, see Table 2.

Activity Figure 1 and Table 2 show the general trend in the number of admis-
sions by legal status. For-profit hospitals hardly increased their total activity in
surgery over the years 2005-2008, while the number of admissions at nonprofit
hospitals rose by more than 8.6% (.14 million admissions). As a result, the aggre-
gate market shares of nonprofit hospitals for surgery services at the national level
rose from 37.4% to 39.5%.

3.3 Clinical departments

We consider that demand-side behavior and competition are better described at
the level of clinical departments than at the level of DRGs. Indeed, there are
hundreds of diagnosis-related groups and the classification is irrelevant for patients
and even for family doctors who address them to hospitals. A doctor may trust
a particular surgeon, medical team or service within a given hospital, and that
trust generally extends beyond a narrow set of DRG codes. Similarly, competitive
efforts by hospitals to attract patients in most cases are exerted at the level of
clinical departments.

Figure 2 shows that the nonprofit sector has gained market share at the na-
tional level over the period of study in each of the eight considered clinical depart-
ments. The gains in market shares lie between .7 percentage points in ophtalmol-

ogy and 5 percentage points in dermatology.

Hospital revenues and average rates at the clinical department level
Table 3 depicts the evolution of theoretical activity-based revenues in our working
sample, based on the DRG rates rp;; set nationally and on current activity gpj.
In 2008, after the reform has been fully implemented in nonprofit hospitals, those
revenues are €7.8 billion for the eight clinical departments we are considering:

€5.1 billion in nonprofit hospitals and €2.8 billion in for-profit hospitals.
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We compute reimbursement rates as weighted means at the clinical department

level g for every hospital j and year t:

ZDEQt T'DjtdDjt
ZDth qD]t

Tgjt = (3)
where the sums are over all DRGs D in the clinical department g and rpj; is
defined in (1). Table 4 (top panel) reports the evolution of DRG rates aggregated
at the level of the eight clinical departments.'® The introduction of activity-based
payment is best described by the dramatic rise in the theoretical DRG-rates in
the nonprofit sector. By contrast, DRG rates in the for-profit sector vary little
during the period.!4

Reduced-form evidence Table 5, first column, shows that the trend repre-
sented on Figure 1 remains apparent after controlling for hospital-clinical depart-
ment effects: activity of for-profit hospitals is stable while activity of nonprofit
hospitals increases over the years 2005 to 2008. Controlling furthermore for clin-
ical department-year effects confirms that activity has increased more rapidly in
the nonprofit sector (column 2). The differential remains with almost unchanged
parameters when we control also for staff, equipment and socio-demographic vari-
ables (see the coefficients of nonprofit x year in column 4). The last two columns,
however, are to be interpreted with caution as the explanatory variables related
to staff and equipment may be endogenous.

Table 6 shows that the number of nurses, surgeons, anesthesiologists and non-
medical staff per bed has increased more rapidly in nonprofit hospitals than in

for-profit ones.

3.4 Patient locations and “demand units”

We use postal codes to represent patient and hospital locations. There are about
37,000 patient postal codes in mainland France. In rural areas, several cities may
share the same code. Paris, on the other hand, has 20 postal codes or arrondisse-
ments, and the second and third largest cities (Marseilles and Lyon) also have
many arrondissements. Hereafter, patient postal codes are indexed by the letter

zZ.

13We carried out the exercise for each of the eight clinical departments separately. The eight
tables, which are available upon request, exhibit the very same pattern.

4 Composition effects in (3) due to specialization or to coding strategies (Dafny, 2005) seem
to be limited in the data, see Appendix B.
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Travel times between patients postal codes (about 37,000) and hospitals postal
codes (about 1,000) are available in the data if and only if the hospital has indeed

received a patient from the postal code.

We define “demand units” as triples (clinical department, year, patient postal
code) or (g,t,z) for which at least one patient admission occurred. As shown
in Table 7, our data set contains about .9 million of such demand units. For
each demand unit, we observe the number g,;;. of admissions for any hospital j
that receives at least one patient from that unit. The total number of admissions
in a demand unit is therefore gy, = > ; Qgjt=- The average unit has roughly

20 admissions in 4 distinct hospitals.

Table 8 reports the distribution of local market shares and travel time per
admission, each (g, j,t, z) observation being weighted by the corresponding num-
ber of admissions gg;.. If we take the size of the potential demand (“market
size”) to be the population of the postal code, we find very low market shares
8gjtz = dgjt=/DPOD,, of about .4% on average.'® For less than 10% of the admissions,
a single hospital serves all patients from the demand unit. For more than 75% of
admissions, the hospital and patient postal codes are different. The median and
mean travel time between patient and hospital for an admission are respectively 22
and 27 minutes. Overall, the dispersion indicators (standard deviation, interquar-
tile range) are relatively high for both local shares and travel times. There is little

heterogeneity in the distributions of travel times across clinical departments (see
Table 31 in Appendix A.2).

4 Demand

In this section, we present our modelling strategy for patient behavior, and explain
how we identify and estimate the utilities provided by hospitals. Finally, we show

how to approximate the size of the potential demand.

4.1 Hospital choice

We represent the process that leads a patient to undergo surgery with a three-
stage model, as depicted on Figure 3. First, the patient does or does not undergo
surgery (indices H and ). Second, a patient who receives surgery is admitted
in either a for-profit hospital or a nonprofit hospital; we accordingly define two

nests within group H, n = FP and n = NP. Finally, within a nest, the patient

15Tn section 4.4, we provide an approximation of the potential demand, which is much smaller
than the population of the postal codes.
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chooses her preferred hospital. We carry out the analysis separately for each
clinical department and omit the corresponding index g to simplify notations.
The indirect utility of patient ¢ living at location z, undergoing surgery at date ¢

of hospital j belonging to nest n, is given by
Usjtz = 0tz + Gz + (1 = 02)Vinez + (1 — 01) €12, (4)
where the mean utility level offered to patients, d;., is specified as
Ojtz = Ujp — TCt(djz; X)) +7 NP; Xi, + o + EGie (5)

The patients’ outside option is “No surgery”. It includes all other medical treat-
ments, with or without hospitalization. Normalizing dg;. = 0, the patient’s utility

from the outside option is
Uitz = Ciot- (6)

The presence of the outside option —the first stage of the above process— is not
usual in the hospital literature. In section 4.4 below, we show how to approximate
the size of the potential demand M,,, the value of which, however, has no impact
on the various coefficients in patient utility or on the residuals ;;., because they

are absorbed into the parameters ;.

The effects u;; and ¢, entering the mean utility 0, in (5) are parameters to
be estimated, while the {;;,’s are statistical disturbances. We discuss in section 4.2
the identification of the two-way fixed-effects uj; and ¢y, relying on arguments
from Abowd, Kramarz, and Margolis (1999). To avoid any confusion for the reader
familiar with the empirical industrial organization literature, we stress that in our
framework the patient location dimension z plays the role of the market/time
dimension ¢ in the decomposition &;; = &; + & + AE;, proposed by Nevo (2000).
In this setting, time is an extra dimension that is not fundamental for demand

identification.'”

In equation (5), TC; stands for the travel costs incurred by patients. These
costs are assumed to depend on the distance d;, measured as the travel time
between patient home and hospital location and on socio-demographic variables
X at the postal code level including population, shares of elders (people over 65),

of high-school graduates, and of women, as well as median income in the postal

16Changing the M;.’s only affects the parameters ¢, and shifts the utility levels uj; by some
constant to accommodate the normalization condition (14). This is unimportant for what follows.

17Time, however, is the key dimension for the identification of supply-side behavior (see sec-
tion 5.2).
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code. Travel costs are specified as follows:
TCt(djz, th) = aoClosestjz + (03] djz —I— [05D’¢ djthz —f- Ozgd?Z, (7)

where Closest;, = 1{d;, = miny dj,} is a dummy variable equal to 1 if hospital j
is the hospital closest from postal code z.

The vector of parameters v accounts for the variations across patient locations
in the taste for nonprofit hospitals; in (5), NP; is a dummy variable for nonprofit
status. This taste is supposed to depend on age, education, gender, income. The

corresponding vector of variables, X

+., is centered to let u;; represent the average

utility (net of travel costs) provided by hospital j at time ¢.

The individual perturbations €;j¢., Vine. and ;me. reflect the nesting structure.
We do not introduce a specific patient taste (or nest) for private nonprofit hospitals
because these hospitals display the same values as public hospitals and share the
same constraints in terms of service.'® The disturbance &;5;, (resp. Vi) is an
idiosyncratic perturbation at the patient (resp. nest) level, while ;. is a common
disturbance to all hospitals, such that the sum (. + (1 — 02)Vine + (1 — 01)€ij12
follows an i.i.d. extreme value distribution.

To be consistent with random utility maximization, one must have 0 < 0y <
o1 < 1. When o approaches 1, preferences are perfectly correlated across hospitals
with the same status, so that they become perfect substitutes. Similarly, when
0o approaches 1, preferences are perfectly correlated across the subgroups of for-
profit and nonprofit hospitals, so that these nests become perfect substitutes. As
Verboven (1996) explains, this setting encompasses three polar cases: (i) when
o1 = 0, from which it follows that o, is also equal to 0, the model boils down
to a simple Logit; (ii) when oo = 0, the model is a one-stage nested Logit with
three nests (no hospitalization, hospitalization in the nonprofit or in the for-profit
sector); and (iii) when 0 < 07 = 09 < 1, the model is a one-stage nested Logit
with two nests (no hospitalization and hospitalization).

The theoretical market share of hospital j is hence equal to:

editz/(1=01) olntz/(1=02)  olHiz

(8)

Sity, = S5 S S =
Jtz jtzinontz|HOHtz elntz/(l—Ul) GIth/(l—O'Q) 1 + eIth’

18Private nonprofit hospitals do not have the same constraints in terms of internal organization
and procurement, which might affect their cost efficiency. But patients choose hospitals on the
basis of the utility offered to them and travel cost. Conditional on the offered utility, they do
internalize efficiency considerations.
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where the inclusive values are

Intz - (]- — 0'1) logz e‘sktz/(l—al) (9)
ken
for n = FP, NP, and
Iy, = (1 —0y)log Z plntz/(1=02) (10)
n=FP,NP

Berry (1994) has shown that preferences encompassed by mean utility levels could

be recovered from market shares (inversion of demand) as follows:

Sjtz

Sptz

log = 0z + 01 IOg Sjtz|n + 02 10g Sntz|H, (11)

which yields our estimating equation for demand:

Sjtz

S0tz

log

= u;; — apClosest,;, — aqdj, — ay1xd;, X, — a2d§ (12)

+ Ptz + F)/NP]XtCZ + 01 IOg Sjtz|n + 09 lOg Sntz|H + Sjtz-

The conditional market shares at the right-hand side are sj..;, = sj. /Snt. and
Sniz|H = Snt=/Smt-- We estimate the above equation separately for each clinical

department g, taking care of the endogeneity of the conditional shares.

4.2 Identification

Before getting to the estimation of (12), we address the novel and challenging issue
in our modelling approach, namely the identification of the parameters u;; and ..
For each clinical department, there are about 110,000 postal code-year pairs (t, 2)
and 3,500 hospital-year pairs (j,t). The disturbances &j;, reflect deviations from
the mean attractiveness of hospital j in patient area z at date t. We assume that
they are orthogonal to the geographic configuration of the industry:

E [&- | jt, tz, djy dj Xoo, NP XY, 27

Jtz

] =0, (13)

where the excluded instruments Z, are presented in the following section.'” The
perception of a hospital’s attractiveness may indeed vary across patient locations,

due to historical, administrative and economic relationships, or to any other un-

9 Abowd, Kramarz, and Margolis (1999), p.254, impose the same error structure as (13).
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observed link between patient and hospital locations.?’ Hospitals’ locations were
decided several decades before the period of study and remain extremely stable

over time in surgical care, hence we take the industry geography as exogenous.

Under these restrictions, demand parameters are identified from the variation
in hospitals’ market shares. By analogy with the matched employer-employee
data framework, our data set takes the form of an undirected bipartite graph,
the vertices of which are hospitals and patients’ locations (instead of firms and
workers). For a given year and clinical department, two hospitals j and j’ are
connected if they receive patients from a common postal code z, and two postal
codes z and 2z’ are connected if at least one hospital receives patients from both z
and z’. Thanks to variations in market shares in the postal code (resp. hospital)
dimension, the effects u;; (resp. ¢,) are identified up to an additive constant for
each connected component of the graph, see Abowd, Creecy, and Kramarz (2002).

It turns out that for all of the eight clinical departments and all of the four years
2005 to 2008, all hospitals and all patient locations in the sample are connected.?!
This means for any year ¢, any observation (j,z) and (j,2’) can be indirectly
connected through a sequence of edges within the bipartite graph. We adopt the

following normalization restrictions:
Z degree(z) ¢, =0 (14)

for all connected components, where degree(z) refers to the number of times a
postal code z is involved in some edge with a vertex j, i.e., the number of dis-

2 These restrictions are purely

tinct hospitals visited by patients living in 2.2
conventional. We allow the aggregate demand to vary over time in each clinical
department, and therefore the utility levels u;; are identified only up to constants
C; that depend on the year ¢.

As our objects of interest are the utilities provided by hospitals to patients, it
is useful to understand the intuition behind their identification. This idea is to

get rid of the effect ¢, by taking differences of (12) between hospitals j and k

20For instance, general practitioners practicing in a given area may have connections to a
particular hospital and therefore have (positive or negative) information about that hospital.
Recall also Footnote 8.

21To be precise, this statement is true up to four exceptions, namely four isolated observations
(4, z) among the 3.6 million observations. These observations are such that for the year ¢, hospital
j receives patients only from postal code z, while patients from z visit only hospital j. We neglect
these four isolated components in what follows.

22The connected components of the graph are provided by the Stata® procedure felsdvreg
which uses the above normalization restrictions by default. Equation (14) says that the sum of
fixed effects ¢y, is zero, where ¢;, is counted as many times as it appears in the data, i.e., as
many times as there are distinct hospitals receiving patients from postal code z at year t.
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that receive patients from z at year t. Doing so amounts to consider the one-node
projected graph on the hospital dimension, defined by Newman (2010) p. 124
and Jochmans and Weidner (forthcoming). In the projected graph, two hospitals
j and k are connected if and only if they have at least one postal code z in
common. Newman (2001) page 5 defines the weight of an edge (4, k) in that graph
as the sum over common postal codes z of 1/(n, — 1), where n, is the number
of hospitals receiving patients from postal code z. Newman then checks that the
degree of hospital j in the projected graph weighted in this way is simply the
number of postal codes that send patients to j at the exclusion of those that send
patients only to that hospital. The latter postal codes, indeed, do not contribute to
identification. Figure 4 shows the projected graph for orthopedics in 2008, which
is rather dense and with no isolated hospital. Table 9 displays for orthopedics
in 2008 the distributions of the number of postal codes connected to a hospital
and of the Newman-weighted degrees. The two distributions turn out to be very
close. We find that 90% of hospitals have a Newman-weighted degree of at least
37, which places us in the favorable case (occupational network) of Jochmans and

Weidner (forthcoming).

4.3 Estimation

To account for the endogeneity of the conditional shares in (12), we use the in-
struments proposed by Berry, Levinsohn, and Pakes (1995) based on sums of
characteristics of other hospitals. For the share s, our set of demand instru-
ments Z, £tz
nest: » 2jken Tz Yok Ljken d2., as well as interactions with time-varying socio-

includes the sum of (squared) distances to other hospitals in the same

demographic variables at the postal code level: population, income, shares of
women, of elder and of high-school graduates. Excluded instruments also include
the minimum distance between patient location z and other hospitals in the same
nest ming; pen di. interacted with the latter sociodemographics. Altogether, we
have 22 instrumental variables. For the share s, |z, we use the same instruments
now based on sums in the other nest: Zkgn d.», Zk@ d?,, mingg, dy.. The esti-
mation of the two first-stage equations consists in regressing In sj.,, and In s, 5
on two-way fixed-effects models and other exogenous variables on top of the above

excluded instruments.

The estimation of demand equation (12) consists of a linear IV regression with
two endogenous variables, the conditional market shares, in the presence of nu-
merous two-way fixed-effects. This approach has at least two advantages. First, it

avoids numerical issues related to nonlinear estimation and provides with a simple,
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robust framework to recover patients’ preferences as well as unobserved attractive-
ness of hospitals. Second, any estimation error on the fixed-effects u and ¢ viewed
as incidental parameters does not contaminate the coefficients (e, ~, o). In par-
ticular, if the postal code-year fixed-effects ¢;, were to be poorly estimated, this
would have no consequence on the supply equation, the welfare analysis,?® and
the assessment of the fit of our model. For all this, we need only §, o and u to be

consistently estimated, which follows from linearity.

Finally, it is important for our purpose that the utilities u;; provided by hospi-
tals, net of travel costs, are comparable across years, up to the aggregate shifts C;
mentioned in section 4.2. For this reason, we estimate the demand model by
pooling the four years together, even though identification is established in cross
section. We impose that the relative degrees of substitutability at the different
decision stages (o7 and o3) as well as the patient distaste for distance and her
preference for nonprofit hospitals (coefficients « and «y) are constant over the pe-

riod.

4.4 Approximating potential demand

As explained above, the size of potential demand does not affect the coefficients in

the patient utility. It does, however, affect the elasticity of demand with respect

to the utilities offered to patients. Omitting indices ¢ and ¢, we define own- and
cross-semi-elasticities as

1 8(]j

Njj = — 5~

1 0gq;
= — and = — —=
q; 8Uj J

== 15
& s (15)

It follows from (C.1) that the demand own-derivative
0q; 1 1 1 0P
5 — iz - - jizln — T 9jz — 95z 16
an Xz:qJ |:].—0'1 (].—0'1 1—0'2>SJ 1—0'28] 1H Sj ( )

increases with the potential demand M, through the unconditional market share
Sjz = sz/Mz~

It is necessary to approximate the potential demand because the supply side

of the model and the counterfactuals depend on the above elasticities. To this
aim, we follow the approach developed by Huang, Rojas, et al. (2013), Huang
and Rojas (2014) and Dubois and Lasio (2018), based on the comparison of two

demand models, with and without the demand unit effects ;.. We choose the

23The effects ¢y, cancel out in the conditional patient surplus.
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potential demand (or “market size”) to make the main demand parameters as close
as possible from one specification to the other: the relevant market size is such
that controlling for market fixed-effects does not affect the estimated coefficients.
We implement this procedure assuming first that M, = pop,:

thz 0

log m = th — CYgClOSGSth — Ol(l)djz — a(l)dethz — Oégdgz + (p?z
z j Yjtz

(17)
+ 70NPthCZ + O'? lOg Sjtz|n + O'g IOg Sntz|H + é—;')tw

which we also estimate without the ¢’s:

qjtz

Mz - Zj thz

= Ujs — OéoClOSGSth - Oéldj - alejthz — OéQdZ

= (18)
+ ’}/NP]XEZ + o1 log Sjtz|n + 02 lOg Sntz|H + gjtz-

log

We then minimize the goodness-of-fit criterion based on the differences in the

estimated parameters estimates (a®, 4%, % u°) and (o, v, 0, u):

1
JT

j?t

[0 =)~ (s~ )]+ (@0 )’ + (1 =)+ (0% o) (19

As Huang, Rojas, et al. (2013) explain, the estimated coefficients in (18) have
been found to be empirically monotonic in the market size M., which guarantees
that there is a unique minimizer to the previous criterion. Moreover, none of the
above demand coefficients depends on M., at the exception of u;’s (up to some
constant C;) and of ¢, which capture precisely the denominator of the left-hand
side in (17): our first guess M, = pop, is therefore both natural and innocuous.
To avoid estimating a very high number of distinct potential demands (one in

each of the 37,000 postal codes), we use the following affine specification:
M, =0 pop, + (1 — 0)g., (20)

where ¢, = max; ¢, and 8 > 0 is a parameter to be estimated. Under this
specification, the potential demand does not vary over time, which is a reasonable
assumption given the short period of time considered. We run our baseline supply-
side estimation and counterfactual simulations with the obtained values of the

potential demand, and provide robustness checks with respect to # in section 6.3.

4.5 Results

As explained above, we estimate the demand separately for each clinical depart-
ment by pooling the four years 2005-2008 together. Tables 10, 11 and 12 report
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the results for the structural equation and the first stages relative to log s,
and log s, i respectively. The estimations are very precise since the data exhibit
great variation in both hospital and postal code dimensions. Most of the vari-
ance in local market shares is actually captured by our two-way high-dimensional
fixed-effects. The tests for excluded instruments have high F'-stats in all first-stage

equations.

For the majority of clinical departments, we reject both the simple Logit and
one-stage nested Logit model at usual levels: the null hypotheses of the parameters
o1 and oy being zero or equal to each other are rejected at 5%. Ophtalmology
and ENT, stomatology are the two clinical departments where a one-stage nested
Logit with three nests (outside option, for-profit hospitals, nonprofit hospitals)
is not rejected. By contrast, we cannot reject the two-stage nested Logit choice
structure, with the correlation oy (resp. o) ranging between .25 (.47) and .71
(.68) in all the other departments. Importantly, these parameters are always such
that 0 < 09 < 07 < 1. Patients are more likely to substitute among hospitals
than towards the outside option of no surgery, and they are also more likely to

substitute within the same legal sector (for-profit or nonprofit).

The signs of estimated parameters remain quite identical from one clinical
department to another, though there is significant heterogeneity in magnitudes.
We find empirical evidence of preference for being admitted to the closest hospital
as well as diminishing marginal travel costs. Besides, travel costs decrease with
income and are higher in more crowded areas as well as for women and elders, for

all considered clinical departments.

Moreover, tastes for hospitals are not randomly distributed: richer patient
locations exhibit a preference in favor of for-profit hospitals, regardless of the clin-
ical department. Except for orthopedics, older patients prefer nonprofit hospitals
or are indifferent. Areas with more educated people favor nonprofit hospital for
orthopedic and ophthalmologic surgery and have no preference as far as other

clinical departments are concerned.

Table 13 and the histograms on Figure 5 show the distributions of the estimated
utilities ., for the potential demand determined in section 4.4. Weighting these
utilities by activity at the hospital-clinical department-year level shifts the mass
of the distribution to the right, which is consistent with bigger hospitals offering
higher utilities to patients.

More relevant than the mean is the dispersion of the distribution of utilities.
Depending on the clinical department, the range of estimated utilities lies some-

where between 1.5 and 4.5, and the interquartile range as well as the standard

20



deviations are comprised between .2 and .7. To interpret these indicators of dis-
persion, we express utility differences in terms of travel time to hospitals.?* To
this aim, we increase all the utilities u;; by .1 and compute the reduction in travel
times that would generate the same patient surplus gain. We use surpluses con-
ditional on undergoing surgery rather than unconditional surpluses because with
the latter the arbitrary convention of zero utility for the outside option affects the

computation of compensating variations.

Omitting index ¢, the surplus conditional on undergoing surgery derived from
the two-stage nested Logit model writes (up to 1 — oy which will disappear in what

follows):

1—0‘1 1—0‘1

]z(“‘] ]z) 1=o2
d et C(21)

JENP

]z('“'j ]z)
S.(u,d) = log (Ze o7 )

JjEFP

where the sums are over hospitals in the nest: for-profit (FP) and nonprofit (NP),
and the function d,,(u;, d;,) is given by (5). At the level of each patient location z,
we compute compensating variations by solving for the compression factors x that
satisfy?®

S.(,d) = 5. (@, d(1-x)), (22)

with 1 = a + .1. As shown in Table 14, we find that the median compression
factor corresponding to a general utility rise of .1 varies between 12.6% and 35.6%
depending on the clinical department. As the median travel time is 22 minutes,
this corresponds to hospitals being closer to patients by 3 to almost 8 minutes.
Hence, the dispersion indicators reported in Table 13 show a substantial degree of

heterogeneity across hospitals in the utilities they provide to patients.

Table 15, the counterpart of Table 5, shows that the estimated utilities evolve
in a similar manner as the observed number of admissions. Utilities increase more
rapidly in nonprofit hospitals than in for-profit ones (column 1). The differential
remains with almost unchanged parameters when we control also for staff, equip-
ment and socio-demographic variables (see the coefficients of nonprofit x year in
column 3). The last two columns, however, are to be taken with caution as the

explanatory variables related to staff and equipment may be endogenous.

Table 16 shows our approximation of potential demand. For the median postal

code, the market size represents between .6% and 2.6% of the population, depend-

24Monetary conversions would require heroic assumptions as most hospital expenditures are
covered by basic and supplementary health insurance.

25We use a multiplicative compensation rather than an additive