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Abstract

During the last 30 years in France, concerns about healthcare access have grown as physician fees have

increased threefold. In this paper, we developed an innovative structural framework to provide new insights

into free-billing physician pricing behavior. We test our theoretical framework using a unique geolocalized

database covering more than 4,000 private practitioners in three specializations (ophthalmology, gynecology

and pediatrics). Our main findings highlight a low price competition environment driven by local imitative

pricing between physicians, which increases with competition density. This evidence in the context of

growing spatial concentration and an increasing share of free-billing physicians calls for new policies to limit

additional fees.
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1 Introduction

The growing medical desertification in most OECD countries driven by an increasing spatial concentration of

physicians (Pál et al., 2021) is a huge concern for policy-makers, as it reduces healthcare access and increases

inequalities. OECD (2016) mentioned that "The uneven geographic distribution of doctors is one of the most

common health workforce policy challenges OECD countries currently face." If medical desertification is an

important driver of unequal access to healthcare services, another reality that has received less attention from

economists so far (see Gaynor and Town, 2012) could become a major concern for policy-makers: the pricing

of physician services. Indeed, some OECD countries1 allow some or all of their physicians to set their prices

freely, with the result that pricing of physician services impacts access to healthcare.

France is an interesting context in which to explore physicians’ pricing decisions. Approximately 40% of

physicians (CNAMTS, 2017), mainly specialists, are able to balance bill their patients based on no other limit

than their evaluation of "tact and moderation". The part of the bill that is above the regulated fee is not covered

by National Health Insurance (NHI).2

As physicians in France are free to choose their location, the geographical concentration of free-billing

physicians is another concern for healthcare access. Indeed, there is a well-known risk that free-billing physicians

locate in similar attractive locations characterized by excess demand at regulated prices, high income and

amenities. The study on the location of liberal health professionals in France proposed by Barlet and Collin

(2009) tends to support this idea. Indeed, by comparing the adequacy of the different professions to the location

of the French population, they show that even if general practitioners (GP) are uniformly spread over the French

territory, this is not the case for physician specialists such as gynecologists, pediatricians or ophthalmologists.

Their Gini index is nearly four times higher than that of GPs. This risk was discussed many years ago by

Feldman and Sloan (1988), claiming that it is not higher density that causes higher fees but rather the high

level of fees in an area that attracts more doctors.

The objective of this paper is to provide new evidence of free-billing physicians’ pricing behavior using a

structural approach to provide reliable results. This is an important and necessary step to better understand

which kind of policy tools could limit additional fees and guarantee access to healthcare. In achieving this

objective, we make several contributions to the existing literature. First, we propose a closed-form solution of

a circular city model with heterogeneous physicians where consultation quality influences both patients’ utility

and physicians’ costs. This allows us to highlight how individual and neighbor quality influence equilibrium

prices. We are also able to provide new insights concerning the effects of competition intensity on prices.

Second, we build a unique geolocalized database of more than 4,000 private practitioners of three specializations
1Namely Australia, Austria, Belgium, France and New Zealand (see Kumar et al., 2014). We exclude countries such as Greece or

Hungary where physicians are not allowed to charge additional fees in principle, but where informal payments are common practice.
We also exclude countries such as Finland, Ireland, Mexico and the UK, where physicians are free to charge any price for private
services paid on a fee-for-service basis. This is because in those countries, the main mode of payment of general practitioners and
specialist physicians is not fee-for-services but a salary. Consequently, this issue affects a very small proportion of physicians.

2They may be reimbursable from optional private insurance depending on the type of coverage chosen.
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(ophthalmology, gynecology and pediatrics) that allows us to estimate the structural equilibrium price model

using spatial econometric techniques. We construct specific competition areas as well as specific competition

measures for each physician that are not restricted by administrative boundaries or arbitrary thresholds. Third,

contrary to the existing health economics literature using spatial econometric methods, we use a two-step

procedure controlling for sample selection bias, unknown heteroskedasticity and unknown distribution of errors

using the generalized method of moment (GMM) estimator instead of the maximum likelihood (ML) estimator.

Then, our final contribution is to provide robust evidence on the pricing behavior of physicians. We find a

significant positive spatial dependence among neighboring physicians’ prices for all specializations, indicating

that prices are strategic complements. Our theoretical model suggests that consultation quality reduces price

competition in the French context. The spatial dependence in price is estimated to be between 0.3 and 0.4,

showing important local imitative pricing. Concerning the effect of competition, we obtain evidence that free-

billing physicians (especially gynecologists and ophthalmologists) adopt noncompetitive behaviors, implying

that greater density is associated with higher prices and stronger imitative pricing. This last result is also

explained by the existence of a substitution effect between vertical and horizontal differentiation. We believe

our results provide new insights into the significant price differences in French cities and discuss the best tools

for limiting additional fees.

The rest of the paper is organized as follows. In Section 2, we perform a literature review on the pricing

conduct of physicians. Section 3 develops the circular city model with heterogeneous free-billing physicians. In

Section 4, we discuss the French primary care system, detail the construction of our database and introduce

descriptive statistics. Section 5 presents the structural spatial econometric models tested and our identification

strategy. Section 6 provides our empirical results and some policy discussions. Conclusions and future research

avenues are presented in Section 7.

2 Literature review: Pricing conduct of physicians

Economists have identified and discussed various determinants of physicians’ fees from individual characteristics

(such as gender) to market organization. Among them, one of the topics that received the greatest interest

is the relationship between price and competition intensity, partly because the evidence is still contradictory.

Indeed, some recent empirical results are in line with the standard theory prediction, i.e., that fees decrease if

local competition increases; see Johar (2012) and Gravelle et al. (2016) for Australia and Choné et al. (2019)

for France. However, many other empirical studies find exactly the opposite result; see Richardson et al. (2006)

for Australia, Bellamy and Samson (2011) for France or Fuchs (1978) and Pauly and Satterthwaite (1981) for

the US. Several theoretical frameworks have been proposed to explain this apparent paradox.
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2.1 Information asymmetries as sources of market power

One of the most controversial arguments justifying this paradox is the notion of physician-induced demand

(PID). Rice (1983) defines PID as "demand inducement [occurring] when a physician recommends or provides

services that differ from what the patient would choose if he or she had available the same information and

knowledge as the physician" (p. 803). This effect implies that physicians can shift the consumer demand curve

in their own interest to increase quantity and/or price. Consequently, PID could explain why a higher density of

physicians is not associated with a lower average fee, and much empirical evidence has been proposed (see Evans

(1974), Fuchs (1978), Rice (1983), Wedig et al. (1989), Rizzo and Blumenthal (1996), Delattre and Dormont

(2003) and Coudin et al. (2015)). Although the PID argument has been strongly criticized for its weakness of

theoretical and empirical works (see Stano, 1985, for example), more recent studies still highlight the existence

of inducement elements in physicians pricing decisions (see Rochaix and Jacobzone, 1997; Johnson, 2014; Coudin

et al., 2015). Consequently, as stated by Johnson (2014), the question is no longer to debate the existence of

PID but rather to evaluate its economic importance. This is still an open research question even if it seems that

PID effects on physician prices are less important than initially viewed by PID defenders (Stano, 1987) given

the number of other determinants.

The notion of PID is directly related to target income theory (Newhouse, 1970; Evans, 1974; Wedig et al.,

1989; Rizzo and Blumenthal, 1996). The main assumption behind this theory is that physicians aim at a

predefined level of income. When the number of physicians increases, the demand for each physician decreases;

thus, to reach their target income, physicians have to set higher fees or increase their output. The underlying

hypothesis is that physicians have monopoly power, largely explained by the existence of PIDs. However,

the target income hypothesis has been rejected by several economists (Steinwald and Sloan, 1974; Pauly and

Satterthwaite, 1981; Reinhardt, 1985; Stano, 1985; McGuire and Pauly, 1991; McGuire, 2000). Indeed, the idea

of a target (by itself) is strongly questionable: why would a physician set a target income? How would it be

set? (McGuire and Pauly, 1991). These authors conclude that "Health economists can debate the size of income

effects, without having to explain the absurd behavior which underlies the literal target income hypothesis" (p.

406). Steinwald and Sloan (1974) conducted an empirical study of the determinants of physicians’ fees; their

results are not consistent with the target income hypothesis, and they suggest a profit-maximizing-type model.

PID and target income theory provide some arguments for the existence of a physician’s market power.

However, other elements can create a monopolistic competitive environment.

2.2 Quality as a source of market power

Another element that can explain the ambiguous relationship between density and price in the healthcare market

is the differentiation of services provided by physicians. A growing body of literature has developed around

the notion of quality competition, and a comprehensive review can be found in Sivey and Chen (2019). A way

for physicians to reduce the competitive pressure induced by a more competitive environment is to increase

the quality of their services (reduced waiting time, better reception, longer consultation, etc.). If patients

4



value quality, physicians can enter into a quality competition game that could result in a higher average price.

Quality competition would then explain a positive relationship between price and physician density. This idea

that quality explains the correlation between physician concentration and level of fees is not new3. This link

has been extensively studied theoretically and empirically by Hugh Gravelle during the last two decades, but

we focus here on his latest contributions. Gravelle et al. (2016) analyses the effects of competition on prices and

quality of GP consultations using individual Australian data. The Australia case is interesting, as this is the

only country where all practitioners balance their bills. They first develop a Vickrey-Salop model where GPs

simultaneously choose both price and quality. In this model, GPs observe the taste for the quality of patients

and based on that are able to implement perfect price discrimination. Data are taken from a large survey,

and quality is measured by the length of the consultation. Contrary to most physician market studies that

used physician density as a measure of competitive pressure, the authors construct individual GP measures of

competition based on the distance to the third (and fifth) nearest GP. They find a negative relationship between

competition and price4 but no significant relationship between competition and quality. In a most recent paper,

Gravelle et al. (2019) analyze the link between competition and quality using more than 8,000 UK GP data

over the period 2005-2012. As in the UK, prices are regulated, and patients face zero fees; thus, there is no

possible price competition. This is a perfect setting to evaluate the existence of quality competition. Indeed,

in that case, encouraging competition amongst health care providers will improve quality, as higher quality is

then the only way in which practitioners can attract more patients. They define the area of competition for a

GP as a fixed radius of 2 km, and the quality of GPs is measured using responses to three questions from the

survey. On this dataset, they find that an increase in the number of rival practitioners and quality are positively

associated, especially concerning patient satisfaction. These two important studies seem to identify a link that

exists between competition and quality if there is no price competition. This idea seems to be confirmed by

Sivey and Chen (2019). They point out that in most contexts, quality is indeed a determinant of patient choice

of provider, and therefore, the prerequisites of quality competition are met. Nevertheless, they also point out

that empirical studies provide mixed results concerning the link between the level of competition and the level

of quality (see Johar, 2012, on Australia’s GPs). From a theoretical perspective, physicians have an incentive

to improve their quality if they are to attract more patients. This works if 1) patients value quality (which is

supported by empirical evidence) and 2) physicians are below capacity, that is, if they can accommodate any

extra patients, they attract them by raising their quality levels. As pointed out in Sivey and Chen (2019),

this last assumption may seem implausible for many parts of the health market where waiting times are high

(Siciliani et al., 2014).
3Feldman and Sloan (1988) assume that doctors in large markets are more specialized than those in small markets and are

therefore more expensive.
4That is, higher competition leads to lower prices.
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2.3 The lack of unbiased econometric methods used in the healthcare pricing

literature

Although the problem of local market characteristics measures has been widely discussed among economists

to invalidate the support of some theoretical arguments, less attention has been paid to the econometric

estimators and techniques used. In this paper, we want to focus on one of these techniques: the introduction of

spatial dependence among competitors through spatial econometric models. Application of spatial econometric

techniques in empirical studies on healthcare pricing is scarce, even if the implied potential bias is huge (see

Baltagi et al., 2018, for an example). Indeed, to the best of our knowledge, there is no paper to date that

has taken into account the spatial dependence between physicians’ pricing decisions, and only three studies use

those methods on hospital data. Mobley et al. (2009) analyze the importance of spatial interaction in hospital

price competition using US data. They highlight a strong positive link between the Herfindahl-Hirschman

Index (HHI) concentration measure and the pricing of hospitals. However, more interestingly, they show how

accounting for spatial dependence is crucial to properly estimate the effect of competition intensity on price.

They compare the results obtained with the OLS estimator without spatial dependence and the ML estimator

with spatial dependence. Two spatial weight matrices are used to define the link between hospitals: the 7

closest neighbors and the inverse distance. It appears that the OLS results lead to upward bias in the estimated

parameters of approximately 18%. The spatial lag parameter is estimated to be approximately 0.3, suggesting

that hospital prices are strategic complements. It also provides a measure of imitative pricing existing between

neighboring hospitals. Indeed, price increases in a hospital will lead neighboring hospitals to increase their price

regardless of the level of competition in the area.

In a more recent study of UK hospitals, Gravelle et al. (2014) evaluated the importance of spatial interaction

in hospital quality competition. To construct the link between hospitals, they built a row-standardized inverse

distance matrix with a 30-minute travel time threshold. Their results were obtained using an ML estimator

and show that for seven of the 16 quality indicators, quality is a (significant) strategic complement between

hospitals, and they find no cases where quality could be a strategic substitute. The third and final paper using

spatial econometric techniques is the paper of Longo et al. (2017) using a panel of UK hospital data. In this

paper, they evaluate whether hospitals change their quality or efficiency in response to changes in the quality or

efficiency of neighboring hospitals. They use a row-standardized inverse distance matrix with a 30 km threshold

to define the competition area of hospitals. Using data on eight quality measures and six efficiency measures,

their empirical results do not suggest that hospitals’ quality or efficiency respond to rivals’ quality or efficiency,

except for the hospital’s overall mortality.
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3 A circular city model with heterogeneous physicians

3.1 General framework

We model physicians’ pricing decisions within an area by combining different circular city models. We use a

heterogeneous cost framework similar to that proposed by Alderighi and Piga (2008, 2012, 2014) and Lin and Wu

(2015) to allow physicians to set different prices within the same area that we observed in reality. Our model is

also inspired by the Gravelle et al. (2016) model in the sense that we introduce another source of heterogeneity:

consultation quality. Our model departs from Gravelle et al. (2016), as we consider the physician’s consultation

quality as given. Even if this assumption may appear strong, we think that it better describes reality for at least

three reasons. First, consultation quality is highly dependent on physicians’ endowments, such as university

education, and their vision of what quality is. Most of these factors are determined before physicians start to

practice and are unlikely to change. Second, consultation quality is a multidimensional notion that involves

both technical (objective) and nontechnical (nonobjective) aspects of care (see Haddad et al., 2000; Arneill and

Devlin, 2002; Levine et al., 2012). Consequently, patients’ views on the quality of a physician’s consultation

seem to be a better proxy for evaluating quality of care than purely technical physician measures of quality.

Finally, in their literature review on competition and quality in healthcare, Sivey and Chen (2019) highlight

that empirical studies unambiguously show that patients tend to choose higher-quality providers, but they are

not able to highlight the existence of quality competition in healthcare.

We consider a circular city of length L. In this city, there are H patients who are uniformly distributed

around the market and there are N > 1 equally spaced physicians. Thus, the density of the patients at any

point in the market is given by h = H/L, and the distance between each physician is given by l = L/N .

Consumers are indexed by their own locations, which represent taste. Under the National Health Insurance

(NHI), a physician i ∈ {0, 1, ..., n}, with n = N − 1, receives a gross fee per consultation of pi + p, where p is

the rebate amount from the NHI and pi is the net price paid by the patient. We assume that patients demand

at most one consultation per period from their physician and that they are sensitive to both the net price and

the quality of the consultation. Without loss of generality, let physician i be located at li = i × l and offer a

consultation of value v at net price pi with a quality qi. Physicians set prices simultaneously. Let a patient’s

transportation cost be linear over the (Manhattan) distance between the physician and the patient at rate t.

Thus, a patient located at x choosing physician i derives the following utility:

ui(x) = v − pi + αqi − tdi, di ≡| li − x | . (1)

In this model, we consider that the information on the consultation quality of physicians is perfectly known by

patients in the city thanks to reputation and public information available (through online ratings, physicians’

website, etc.). In this sense, qi can also be seen as the perceived consultation quality of physician i. We also

assume that v is large enough to ensure that all patients demand a consultation. In the remainder of this paper,
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the discussion on price competition refers to the role of the different sources of differentiation on the incentives

to compete in price.

Accounting for heterogeneity in physicians’ costs (ci) and quality (qi), and following the convention in the

literature (see Alderighi and Piga, 2008, 2012, 2014), we examine the equilibrium at which all physicians obtain

a positive market share. Thus, we impose the following condition throughout the paper to rule out cases in

which an existing physician cannot actively compete with other physicians:

| pi − pi+1 |< tl − p, ∀i ∈ {0, 1, ..., n − 2}. (2)

For notational convenience, we extend the domain of i, such that i ∈ Z, to allow for continuous increments to

physicians’ indices. Physicians i and i ± n denote the same entity.

3.2 Equilibrium when cost and quality are independent

We follow Alderighi and Piga (2008) by keeping the requirement that competition is localized, that is, the

market share and price of a physician located in i is directly affected only by the behavior of the two adjacent

physicians. Consequently, the demand for physician i depends on its price (pi), its quality (qi) and the price

and quality of its immediate neighboring physicians. Standard computations yield physician i’s demand (Tirole,

1988, p. 283):

Di = h

[
l + pi+1 + pi−1 − 2pi + α[2qi − qi+1 − qi−1]

2t

]
.

The profit of a representative physician is thus:

πi = (pi + p − ci)Di = (pi + p − ci)h
[
l + pi+1 + pi−1 − 2pi + α[2qi − qi+1 − qi−1]

2t

]
. (3)

Proposition 1:

There exists a unique equilibrium among n physicians. For physician i, i ∈ {0, 1, ..., n − 1}, we have

p∗
i + p = tl + αqi +

n−1∑
d=0

bd[ci−d − αqi−d], (4)

where

bd = (2 +
√

3)d + (2 +
√

3)n−d

√
3[(2 +

√
3)n − 1]

> 0

and physician i’s profit is

π∗
i = h

(p∗
i + p − ci)2

t
.

The proof of Proposition 1 is provided in the supplementary content (see Appendix A). The equilibrium

price p∗
i shows that each physician’s pricing strategy depends not only on each own quality and cost but also

on the quality and costs of all the other physicians in the market. This highlights the chain-linked effect

discussed in Chamberlin (1949) and Rothschild (1982). Indeed, physicians pricing strategies and profits are
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directly affected by their first-degree neighboring rivals, who also compete directly with their neighbors, who

are second-degree neighbors to the original physician. Consequently, competition propagates around the circle

and links all physicians’ pricing strategies together. The coefficients, bd, analytically quantify the impact of

heterogeneous quality and costs on each physician’s equilibrium price and profit. Thus, b1 is the magnitude of

the direct impact from a first-degree neighbor, whereas bd (d > 1) represents the indirect impact originating

from a physician located further away with d degrees of separation from the affected physician (see Figure 1

below).
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Figure 1: The circular city framework (Physician 0’s perspective)

Corollary 1:

(a) ∂p∗
i

∂ci−d
= ∂p∗

i±d

∂ci
= bd > 0 for d = 0, 1, ..., n − 1. An increase in any physician’s cost leads to a higher

equilibrium price for all physicians, thus implying that a higher cost structure is associated with lower price

competition in the market.

(b) ∂p∗
i

∂qi−d
= ∂p∗

i±d

∂qi
= −αbd < 0, for d = 1, ..., n − 1 and ∂p∗

i

∂qi
= α(1 − b0) > 0. An increase in any physician’s

quality increases its equilibrium price but leads to a lower equilibrium price for all other physicians. It thus

implies that higher quality is associated with higher price competition in the market.

(c) bd > bd′ if min {d, n − d} < min
{

d
′
, n − d

′
}

. The effect of quality and cost weakens as it reaches

physicians that are farther away from the originating physician.

(d) 0 < b0 < 1 and
∑n−1

d=0 bd = 1. When a physician’s cost and/or quality change, only part of these changes

are absorbed by the physician’s price. The remaining cost and quality changes are fully captured by the rest of

the physicians.

(e) ∂bd

∂n < 0. When competition increases, the effect of quality and cost weakens.
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The subscript i ± d refers to the dth-degree neighbor on either the left or right side of the physician.

The Corollary 1 results highlight an opposite impact of vertical and horizontal differentiation.

A physician with a higher cost is obliged to set a higher price to realize profitability. Consequently, this

elevated price mitigates the physician’s price competition with its first-degree neighbors, who are incited to set

higher prices too. The incentive to set high prices is then transferred from physician to physician around the

circle, resulting in a higher price for all physicians (everything being equal).

A physician with higher quality benefits from stronger patient demand. Consequently, this higher quality

increases the physician’s price competition with its first-degree neighbors, who are impelled to set a lower price

to keep their market share. The incentive to set lower prices is then transferred from physician to physician

around the circle, resulting in a lower price for all physicians (everything being equal).

As shown in Lin and Wu (2015), the impact of a physician’s cost and quality on other physicians’ prices

weakens quickly as it travels further away from the originating physician. This implies that a physician’s price

is affected primarily by the physician’s first- and second-degree neighbors. This is consistent with the result

obtained by Alderighi and Piga (2012).

3.3 Equilibrium when cost and quality are linked

In this section, we introduce a formal link between the cost function and a physician’s consultation quality. This

will allow us to obtain more testable predictions but also to simplify the model. More importantly, we cannot

reasonably assume a total disconnect between physician cost and physician consultation quality. According to

a report provided by Hensgen et al. (2000) for France, the structural costs of all specialist physicians break

down as follows: approximately 20% for rental (building and materials), 30% for general expenses, 20% for staff

costs and 30% for taxes and payroll. We can easily assess that physician consultation quality influenced the

physician’s cost structure in terms of staff, materials, building and general expenses. The cost function is also

influenced by elements related to the environment where the physician operates. Indeed, rental and staff costs

are influenced by the physician’s location. Based on 102 studies, Ahlfeldt and Pietrostefani (2019) provide a

meta-analysis of the elasticity of 15 main outcomes with respect to the population density. They suggest an

elasticity of 21% for the rental value and of 4% for wages, suggesting that rent price and wages are effectively

higher in denser areas. For France, Combes et al. (2018) also highlight the positive link between population in

cities and house and land prices. Taking into account these elements, we propose the following cost function

for a physician:

ci = βqi + δ
′
Zi, β > 0, (5)

where qi is the (perceived) consultation quality for physician i and Zi is a set of variables that influence physician

cost, including personal, location specificities, taxes and payroll.
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If we replace this expression in the previous equilibrium price (4), we obtain:

p∗
i + p = tl + δ

′
Zi + θqi + η

n−1∑
d=1

bdqi−d, (6)

where

bd = (2 +
√

3)d + (2 +
√

3)n−d

√
3[(2 +

√
3)n − 1]

> 0, θ = α + ηb0, η = β − α.

This last expression highlights in a more comprehensive way how consultation quality influences physician

price. First, the individual price increases with the quality of the physician because patients value it (θ > 0).

Second, the individual price is also influenced by the consultation quality of neighboring physicians (η). As

quality influences both the supply and demand sides here, the net effect of neighboring quality is ambiguous

and depends on two key parameters: the valuation of consultation quality by patients (α) and the impact of

consultation quality on the cost of physicians (β).

Proposition 2:

The impact of consultation quality on individual prices strongly depends on the difference between the

marginal effect of quality on patients’ utility (α) and the marginal impact of quality on the physician’s cost

structure (β):

(a) If η = β − α > 0, individual prices increase with both individual and neighbors’ quality. In that case,

vertical differentiation reduces price competition incentives in the local market.

(b) If η = β − α < 0, individual prices increase with individual quality but decrease with neighbors’ quality.

In that case, vertical differentiation increases price competition incentives in the local market.

Proposition 2 tells us that the valuation of quality by patients relative to the cost induced for physicians is at

the heart of the pricing behavior of physicians in the local market. In the case where η > 0, the improvement of

just one physician’s consultation quality will be worse for most patients. Indeed, this quality move will reduce

price competition in the local market and thus lead to a higher price for all physicians, whereas only one proposes

a better care experience. Consequently, most patients will have to pay a higher price without benefiting from

better care. The opposite situation occurs in the case where η < 0. Proposition 2 also highlights the important

cumulative effects of vertical differentiation in the presence of horizontal differentiation. The importance of

propagation effects described before depends directly on the value of | η |. We can measure the strength of these

propagation effects as the relative impact of neighbors’ quality on individual price, that is, the ratio ρ =| η/θ |.

Corollary 2:

If η > 0, an increase in local competition intensity (n ↑):

(a) reduces the marginal effect of individual quality on price (∂θ/∂n < 0).

(b) increases the relative importance of neighboring quality on individuals measured by ρ = η/θ.

If η < 0, an increase in local competition intensity (n ↑):

(c) increases the marginal effect of individual quality on price (∂θ/∂n > 0).
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(d) decreases the relative importance of neighboring quality on individual prices measured by | ρ |.

Note that competition intensity only influences ρ through the marginal effect of individual quality on price,

denoted θ in (6). Indeed, competition intensity does not influence the marginal effect of neighbors’ quality on

individual price, denoted η in (6).

3.4 Equilibrium price in a circular city model: A structural spatial model

As suggested by Alderighi and Piga (2012, p. 57), the equilibrium price of a circular-city model with

heterogeneous agents can be rewritten in the form of a model with a spatial lag of the dependent variable,

i.e., the spatial lag of physician prices in our case. To the best of our knowledge, no paper has proposed this

corresponding expression, but it could be very useful from an empirical estimation perspective (we later discuss

this point in detail; see the identification strategy section).

Proposition 3: The equilibrium price of a circular-city model can be rewritten as a type of structural

spatial lag model (SLM hereafter). In our particular case, the equilibrium price equation is given by:

P ∗
i = C + ρ

n−1∑
d=1

bdP ∗
i−d + ϕqi + λ

n−1∑
d̃=1

wd̃qi−d̃, (7)

where P ∗
i = p∗

i + p and

bd = (2 +
√

3)d + (2 +
√

3)n−d

√
3[(2 +

√
3)n − 1]

, wd̃ =
n−1∑
d ̸=d̃

bdbn+d̃−d, d ∈ {1, ..., n − 1},

C =
[
1 − η(1 − b0)

θ

]
(tl + δ

′
Zi), ρ = η

θ
, ϕ = θ − η2

θ
w0 > 0, λ = −η2

θ
< 0.

The proof of Proposition 3 is presented in the supplementary material (see Appendix A). In this last

expression, C includes all variables influencing the physician’s cost (Zi) and the average distance between

physicians (l). ϕ represents the influence of individual quality on price, whereas λ represents the residual

influence of neighbors’ quality. Finally, ρ, which measures the spatial dependence in price, corresponds to the

relative impact of neighbors’ quality with respect to individual quality on individual price (see Proposition 2

and Corollary 2).

Proposition 3 highlights that, fundamentally, the circular city model with heterogeneous physicians does not

correspond to a simple spatial lag model (SLM), as suggested by Alderighi and Piga (2012, p. 57). Indeed,

equation (7) highlights two types of spatial dependence in the pricing decision of a physician. The first discussed

by Alderighi and Piga (2012, p. 57) is related to the spatial lag of price (
∑n−1

d=1 bdP ∗
i−d). As our model includes

both horizontal and vertical differentiation, we cannot theoretically assess the net effect of the spatial dependence
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in price.5 The second spatial dependence is related to a combination of neighboring consultation qualities

(
∑n−1

d̃=1 wd̃qi−d̃). This second spatial dependence unambiguously reduces the equilibrium price as λ < 0.

Corollary 3:

(a) | ρ | measures the strength of the link between individual prices and neighboring prices.

(b) if ρ > 0, prices are strategic complements, and | ρ | can be seen as a measure of imitative pricing.

(c) if ρ < 0, prices are strategic substitutes, and | ρ | can be seen as a measure of nonimitative pricing.

This interpretation of the sign of ρ is supported by the fact that in the original price equilibrium (6), ρ

is a measure of the relative impact of neighbors’ quality on individual price. Moreover, the sign of ρ tells us

about the role of consultation quality on the incentive for physicians to engage in price competition. In the

next section, we present the data used to estimate ρ and the structural price equation in detail.

4 Institutional context, data collection and descriptive statistics

4.1 Organization of the French primary care system

The French health care system is an excellent experimental context in which to study physicians’ pricing

behavior. Doctors are paid on a fee-for-services basis, with many specialists able to determine their own fees.

On the demand side, the patients’ choice of health care providers is unrestricted.

The level of the regulated fee is the same country wide and is negotiated at the national level between

physician unions and the national health insurance (NHI) system. However, there are two categories of doctors

in France: "Sector 1" or "fee-regulated physicians" who must respect the regulated fee and "Sector 2" or "free-

billing physicians" who can bill above the regulated fee but are obliged (theoretically) to respect a certain level

of "tact and moderation" and to not balance bill low-income patients.6 The choice of sector has to be made

at the beginning of the career, but there are some training and qualification requirements7 to be eligible for

Sector 2. Consequently, Sector 2 physicians are supposed to be more qualified (and thus provide better quality

consultation) than Sector 1 physicians.

Patients are free to choose their physician but must designate a referring doctor, usually a general practitioner

(GP), to act as a gatekeeper. However, for a limited number of specialists: gynecologists, pediatricians,

ophthalmologists, psychiatrists and dentists’ patients do not need to be referred by their referring doctor

to be reimbursed by NHI. Every citizen is covered by NHI, and all citizens are free to subscribe to private

health insurance that pays (partially or totally) the difference between what is covered by NHI (70% of the

regulated fee) and what the physician charges. Note that approximately 90% of the population has private
5Circular city models such as Alderighi and Piga (2008, 2012, 2014) or Lin and Wu (2015) only consider horizontal differentiation

(through heterogeneous cost) so that heterogeneity only influences the supply side and covers all the cost functions. From a
mathematical perspective, this means they assume that α = 0 and β = 1. In our case, heterogeneity directly influences both the
supply (β > 0) and the demand side (α > 0), and we do not impose that all costs are fully heterogeneous, as we allow some part
of the physician’s cost to be common at the city or higher geographical level (β ̸= 1).

6A small percentage of Sector 1 physicians have a "permanent right to balance bill"; in this study, they are classed as Sector 2
doctors.

7The Sector 2 system was created in 1980 and was open to all physicians until 1990. After this date, the government implemented
some requirements to have access to Sector 2.
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health insurance in France. In the case of patients with private insurance, Sector 1 physician charges are fully

reimbursed;8 however, as NHI does not cover the additional fees imposed by Sector 2 doctors, depending on their

insurance contract, patients have to pay these additional fees partially or totally. During our period of interest

(2013), the regulated price for any doctor was 23 euros (plus a lump-sum payment of 5 euros for specialists).

Although the share of GPs who can balance bill their patients is less than 10%, it is true for more

than 40% of specialists (Caisse Nationale d’Assurance Maladie, CNAM, 2011). On average, in the case of

specialists, the additional fee amount was equal to 52% of the regulated fee in 2016 vs. 25% in 1990 (CNAM,

2014; CNAMTS, 2017). We focus on three different specialists, namely, pediatricians, ophthalmologists and

gynecologists; according to CNAM (2011); CNAMTS (2017), the share of Sector 2 physicians was 32%, 53%

and 49%, respectively in 2010, and additional fees represented 67%, 61% and 100% of regulated fees in 2011,

respectively.

4.2 Data collection and sample used

Physicians database

Our main dataset was created by UFC-Que Choisir, the leading French consumer union, which collected

information provided by the French NHI’s website (AMELI) to help patients choose their physician. The

database contains price information for private physicians in three specializations (ophthalmology, gynecology

and pediatrics) for 2013. For every physician, this unique dataset contains information on their gender, type of

activity (liberal only or liberal and hospital), "sector", address and fee level. Note that price information retained

for this study corresponds to "the fee generally recognized for the main activity" in the CNAM definition. In

other words, we consider only the price of a "standard consultation", which gives us a comparable basis for

physician services. Our observed population of physicians is composed of 2,106 pediatricians (745 in Sector 2),

3,933 ophthalmologists (2,174 in Sector 2) and 4,237 gynecologists (2,464 in Sector 2).

Physicians’ environment data

To collect physician environmental data, we use the database "Comparateurs de territoires" (Benchmark of

territories) that was provided by INSEE (National French Statistical Office). This database contains various

types of statistical information at the city level (more than 36,700 in France), such as population, median

income, and area (sq km). For the three main French cities (Paris, Lyon and Marseille), we have access to this

information at the district level (20 for Paris, 16 for Marseille and 9 for Lyon). Consequently, we are able to

precisely distinguish the differences in the environment for these three specific cities in France. In the most

recent update (2017), population and income statistics are available for the years 2009 and 2014. As we have

information on physician prices in 2013, we decided to use the 2014 values.

Geolocalization

For the geolocalization of physicians, we used the Geocoding API of Google to obtain the latitude and

longitude of each address. A code using R software (available upon request) has been developed to automatically
8Except for a 1 euro copayment that insurance does not cover.
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obtain this information. We then checked the precision of coordinates for every physician to reduce the error

of geographical position. This last step was completed using Google Maps in combination with QGIS 3.16

(https://qgis.org/en/site/), a free and open-source cross-platform desktop geographic information system.

Physician’s quality data

The consultation quality of a physician is a difficult characteristic to measure, as it involves numerous

objective and nonobjective features. It is of first importance, as a measurement error in this variable could

lead to endogeneity problems and biased estimates. In their seminal paper, Gravelle et al. (2016) measured the

quality of a physician by the average consultation time for patients. If the duration of a consultation influences

the quality, we cannot reasonably assess that duration is a good proxy for quality, especially if we want to

determine the nonobjective measures that can be important for patients.

Online reviews are an interesting source for tracking the satisfaction of patients with medical services and

their quality of care. Over the last few years, reviews of medical care have become a general tool to create

more transparency surrounding the quality of physicians in the United States and other advanced countries

(Greaves and Millett, 2012; Grabner-Kräuter and Waiguny, 2015; Emmert et al., 2016). McGrath et al. (2018),

using a large-scale study for physicians from 10 of the largest cities in the United States, indicate that online

patient ratings are consistent with physician peer review qualification for four nonsurgical and primarily in-

office specializations. In this paper, we use the ratings made by patients available on Google as a proxy for

consultation quality. We are, nevertheless, aware that this measure could also be subject to a number of biases

(motivation bias, social bias, etc. ), but we think this is probably the best proxy available.

Google ratings are a measure of patient satisfaction using a rating from 1 to 5 stars. To control for potential

measurement error, we collect information of two physician indicators: average Google rating and total number

of ratings. We collect this information manually, as Google does not allow us to automatically scrape this

information. Ratings are not available for all physicians, which reduces our testable sample. More precisely,

we were unable to obtain ratings for 149 pediatricians, 500 ophthalmologists and 602 gynecologists. Our final

sample of free-billing (Sector 2) physicians therefore consists of 596 pediatricians (80% of original dataset),

1,674 ophthalmologists (77% of original dataset) and 1,862 gynecologists (76% of original dataset). This data

collection was performed in 2018 and contains ratings of physicians from 2017 and before. Figure 2 presents,

for each type of physician, the geographical coverage of the original dataset (black and red points) and the final

sample (red points).
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Pediatricians

Figure 2: Geographical coverage: Original and selected data.

4.3 Descriptive statistics

Using our final sample, we generate maps of the average physician’s price. The spatial distribution of the

price was created by applying an interpolation inverse distance weighting (IDW) algorithm. The results of this

procedure are shown in Figure 3 for the Paris region.9 The IDW procedure10 is a deterministic method for

multivariate interpolation with a located set of points. We divide the area of France into pixels of 150 × 150

squared meters, and we assigned values to unknown pixels using the weighted average of the values available at

each observed point.
9We also created such maps for all of France. Nevertheless, given the high spatial concentration of physicians across the territory,

it does not make sense to use this method for the full territory.

10The IDW formula is given as ẑ =
N∑

i=1
dist−α

i zi/
N∑

i=1
dist−α

i , where ẑ is the estimated value for the prediction point, zi is the

observed value for the sample point, disti is the Euclidean distance between sample point i and the prediction point, α is an
exponential factor and N is the number of sample points. In our case, the exponential factor used in the inverse distance was set
to 1.
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Figure 3: Interpolation of average price of physicians in Paris region.

As we can see from the maps in Figure 3, the geography of physicians’ prices in the Paris area is quite

uneven. These three maps clearly highlight the nonrandom nature of physician prices and the importance of

geography’s weight in their determination.
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In Table 1, we present the summary statistics of the main variables present in the database constructed and

used in empirical estimation. The first is the variable Price, which measures the average price for a standard

physician’s consultation. Gender is a dummy variable taking a value of 0 for men and 1 for women. Liberal

is also a dummy variable taking a value of 0 if the physician works both in its private office and in a hospital

and 1 if they only work in their office. Median represents the median income (in thousands of euros) in the

city where the physician operates. Dpop measures the density of the population obtained from the division of

the total population (in thousands) by the city’s area. These two last variables aim to control for local demand

characteristics that also influence physicians’ costs.

Adistance measures the average distance between a physician and its rth-degree neighbors (in km). This

measure takes into account both physicians in Sector 1 and Sector 2. We report this variable for 1st degree,

1st and 2nd degree and finally 1st, 2nd, and 3rd degree neighbors. Share2 represents the share of free billing

in a physician’s rth-degree neighbor. These last two variables aim to measure the intensity of competition for

a particular physician. The advantages of those measures are numerous. First, they are specific physicians,

unconstrained by administrative boundaries. Second, Adistance is the best fit with the theoretical average

distance (l). Third, as described in Gravelle et al. (2016, p.150), the use of such individual distance as a measure

of competition reduces the potential endogeneity problem related to the link between competition intensity and

individual location choice.

Rating is a measure of average Google ratings obtained by the physician, and C-Rating represents the

number of ratings received.

As we can see in Table 1, there are important differences between physicians’ prices according to the specialty.

Indeed, the average price observed for gynecologists stood at more than 55 euros per consultation, whereas this

average price was just 45 euros for pediatricians. Ophthalmologists are between these two specializations with

an average price just over 49.5 euros. These differences do not concern only price. Regarding gender, women

represent 53% and 50% of pediatricians and gynecologists, respectively, but only 32% of ophthalmologists. The

share of physicians operating only privately is above 60% for ophthalmologists and gynecologists but near 50%

for pediatricians. Concerning the city’s characteristics, it seems that pediatricians are more concentrated in

areas with greater population density and median income than gynecologists and ophthalmologists. This is

mainly due to the lower number of practitioners in this specialty linked to a much smaller patient target. In

terms of competition intensity, the average distance from first-degree neighbors is 6.8 km for ophthalmologists,

6.59 km for pediatricians and 4.35 km for gynecologists. Obviously, the average distance increases when we

consider higher degree neighbors. The composition (in terms of sector) of first-degree neighbors is clearly

different between specializations. Indeed, whereas the share of Sector 2 physicians represents 46% of local

competitors for pediatricians, it stands at 64% for gynecologists and 56% for ophthalmologists. This rank

between specialists remains when we consider higher-degree neighborhoods. It is interesting to note a strong

correlation between the price and the composition of the local neighborhood.
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Variables Mean S.D. Min p25 Median p75 Max
Ophthalmologists

Price 49.55 14.83 28.00 40.00 46.00 55.00 200.00
Gender 0.32 0.47 0.00 0.00 0.00 1.00 1.00
Liberal 0.67 0.47 0.00 0.00 1.00 1.00 1.00
Median 22.56 6.05 13.26 18.57 20.42 24.95 42.77
Dpop 6.40 8.03 0.02 1.18 3.54 7.81 41.29
Adistance

Order 1 6.80 12.28 0.03 0.54 1.63 7.52 125.06
Order 2 14.56 20.79 0.14 1.39 4.74 21.79 163.28
Order 3 24.39 29.58 0.58 2.68 10.71 40.06 222.28

Share S2
Order 1 0.56 0.28 0.00 0.33 0.57 0.80 1.00
Order 2 0.53 0.22 0.00 0.35 0.53 0.69 1.00
Order 3 0.51 0.20 0.06 0.36 0.5 0.65 0.97

Rating 3.45 1.10 1.00 2.70 3.50 4.30 5.00
C-Rating 11.92 22.23 1.00 3.00 6.00 13.00 402.00

Gynecologists
Price 55.41 16.51 28.00 45.00 50.00 60.00 135.00
Gender 0.50 0.50 0.00 0.00 0.00 1.00 1.00
Liberal 0.63 0.48 0.00 0.00 1.00 1.00 1.00
Median 22.97 6.45 13.06 18.53 20.48 26.63 42.77
Dpop 7.56 8.59 0.02 1.81 4.18 9.86 41.29
Adistance

Order 1 4.35 9.05 0.01 0.41 0.99 3.61 119.13
Order 2 10.41 15.90 0.06 1.08 3.04 12.99 137.15
Order 3 18.84 24.49 0.23 2.18 6.84 29.08 184.63

Share S2
Order 1 0.64 0.28 0.00 0.44 0.67 0.86 1.00
Order 2 0.60 0.24 0.00 0.43 0.64 0.79 1.00
Order 3 0.58 0.22 0.06 0.41 0.61 0.77 0.97

Rating 3.77 1.05 1.00 3.10 4.00 4.70 5.00
C-Rating 13.28 21.85 1.00 4.00 8.00 14.00 342.00

Pediatricians
Price 45.06 14.06 28.0 35.50 42.50 50.00 117.50
Gender 0.53 0.50 0.00 0.00 1.00 1.00 1.00
Liberal 0.53 0.50 0.00 0.00 1.00 1.00 1.00
Median 24.09 6.16 13.21 19.01 23.00 28.66 42.77
Dpop 8.58 9.34 0.07 2.09 4.72 11.06 41.29
Adistance

Order 1 6.59 12.15 0.07 0.94 1.84 5.08 91.61
Order 2 14.02 21.33 0.42 2.07 4.10 16.49 160.52
Order 3 23.40 30.73 1.15 3.16 8.41 34.37 197.15

Share S2
Order 1 0.46 0.29 0.00 0.25 0.43 0.67 1
Order 2 0.43 0.23 0.00 0.25 0.43 0.57 1
Order 3 0.41 0.20 0.00 0.25 0.40 0.54 0.88

Rating 4.01 0.94 1.00 3.40 4.10 5.00 5.00
C-Rating 8.26 7.56 1.00 3.00 6.00 12.00 69.00

Table 1: Descriptive statistics of variables.

The final two variables concern the consultation quality of physicians. As we can see in Table 1, the average

Google rating is strongly specialty dependent. The average pediatrician rating is 4.01/5, whereas the average

gynecologist rating is 3.77 and for ophthalmologists is only 3.45. We may think that these differences are
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strongly influenced by a bias related to the number of ratings, but the descriptive statistics do not support

this idea. Indeed, pediatricians have more than 8 ratings on average, ophthalmologists have nearly 12 and

gynecologists have more than 13.

5 Empirical models and identification strategy

5.1 Empirical specifications and spatial matrices

The general specification

Our main empirical objective is to test the structural equilibrium price of our circular-city model developed in

Section 3. More precisely, we will test the SLM version of this equilibrium price given by (7):

P ∗
i = C + ρ

n−1∑
d=1

bdP ∗
i−d + ϕqi + λ

n−1∑
d̃=1

wd̃qi−d̃ ,

where C includes all variables influencing the physician’s cost (Zi) and the average distance between physicians

(l) and ρ measures spatial dependence among prices, that is, the link between individual and neighborhood

prices. We remind the reader that, theoretically, the sign of the ρ coefficient informs us of the role of consultation

quality on price competition in the market11. If ρ is negative, then physicians evolve in a market where quality

drives price competition and thus increases nonimitative pricing. In contrast, if ρ is positive, then physicians

evolve in a market where quality reduces price competition and thus increases imitative pricing. ϕ measures the

marginal effect of individual quality, and λ represents the residual influence of neighbor quality after controlling

for spatial dependence in price (see Mobley et al., 2009).

The advantage of using expression (7) of the equilibrium price instead of (6) is a first importance from an

econometric perspective. Indeed, it is well known (and well described in Mobley et al., 2009) that ignoring

spatial dependence will lead either to an upward bias (if ρ > 0) or a downward bias (if ρ < 0) in the estimation

of the marginal effects of covariates. Indeed, naive estimation will consider as a marginal effect both the true

marginal effect plus the spillover effect related to spatial dependence, leading to biased conclusions. Thus, it is

necessary from an empirical perspective to estimate equation (7) instead of equation (6).

This leads us to propose the corresponding empirical model (compact form, see Appendix A):

p = ρWp + XB + ϕq + λq + ε, (8)

where X is a n × k matrix including individual and local market variables as well as dummies, W is a n × n

spatial weighting matrix that measures the geographical distance between physicians (we discuss in detail this

element in the next subsection), q is a n × 1 vector of consultation quality and q is a combination of neighbors’

quality defined as q ≡ [W ×W −diag(W ×W )]q. Finally, ε is a n×1 vector of error term. We want to properly
11Indeed, sign(ρ) = sign(β − α); see equations (6), (7) and proposition 2.
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estimate B, which is a k × 1 vector of parameters related to independent covariates, ρ and λ, which are the

spatial parameters, and ϕ, which is related to physician quality.

The creation of spatial matrices and competition variables

One limit of the circular city model is that it implicitly assumes that each city is an island so that no spatial

dependence exists between physicians located in different cities. However, in reality, a physician i located in

city a can be geographically closer to a physician j located in another city than a physician k located in city a.

Spatial econometrics proposes using the spatial weight matrix W to capture the spatial dependence. Usually,

the elements of W , wij ’s, are nonzero when physician i and physician j are neighbors and zero otherwise. By

convention, the diagonal elements are equal to zero, i.e., the self-neighbor relation is excluded:

W =



0 w12 · · · w1n

w21 0 · · · w2n

...
... . . . ...

wn1 w2n · · · 0


.

The creation of empirical spatial matrices W is, thus, of first importance to assess the true spatial dependence

existing between physicians’ prices. Consequently, we cannot use administrative boundaries such as cities to

construct physicians’ dependence areas.

To overcome this limitation, we divide the geographical space into artificial individual areas (irregular

polygons). Each physician’s area limits are defined by taking all points of the space that are closer to that

physician than any other. This construction is called Thiessen polygons (or Voronoi diagrams). In economic

geography, these polygons have been used as a quick and simple way to approximate market areas (Boots and

South, 1997). Geometrically, the polygons are constructed by combining perpendicular lines at the midpoint

of a line that connects a point to its nearest neighbors (the set of this connection is known as the Delaunay

triangulation). From this construction, the most compact polygons are created, as shown in Figure 4. For more

details see O’sullivan and Unwin (2010, pp. 50-52).

Consequently, we are able to define a specific dependence/competition area for each physician using Voronoi

polygon contiguity. We decided to create three different contiguity matrices for each physician specialty. To

define the neighborhood of a physician, the first matrix W1cont uses the first-order (polygons) contiguity, the

second matrix W2cont uses the second-order contiguity and finally the last matrix W3cont represents the third-

order contiguity. For example, in Figure 4, we show in red the polygon of one specific physician. The first-order

contiguity neighbors for this physician are those represented by polygons contained below the orange line. The

second-order contiguity neighbors are represented by the polygons between the orange and light brown lines.

Finally, the third-order contiguity neighbors are represented by the polygons between the light and dark brown

lines. As noted by Alderighi and Piga (2012, p. 57), in circular city models, “propagation effects stop being
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economically important beyond the 2-step distance”. Consequently, the best contiguity matrix will be the sum

of W1cont and W2cont, which include all neighboring physicians until the second-order contiguity.

Figure 4: Example of Voronoi’s tessellations under Euclidean distance.

The contiguity criterion only produces binary weights wij , which is not sufficient to define the spatial

proximity between physicians. Thus, we also use a distance measure to capture the relative proximity. In this

paper, we tried two well-known distance measures: the inverse distance and the exponential distance. The

empirical results clearly point toward the exponential distance as the best weighting measure (from a data

generating process (DGP) point of view), so we will focus on this measure in the remainder of this paper.12

Using the exponential distance function, we define the wij between two physicians i and j as follows:

wij =

 0 if i, j are not contiguous,

e−distij if i, j are contiguous neighbors,
(9)

where distij is the Euclidean distance between physicians i and j.

Finally, our spatial weighting matrices defining the local competition area for each physician are obtained

by combining the order of contiguity criterion with the distance function (9): W1, W12 and W123 are the first-,

first-second- and first-second-third-order contiguity with exponential weights. Additionally, we use Wexp, which

is the exponential spatial matrix without contiguity restrictions. This last spatial matrix that links all physicians

considering France as a unique market is used for robustness purposes. We provide detailed statistics on the

characteristics of W spatial matrices in Table B.1 of Appendix B.

We also use Voronoi polygon contiguity to construct our two measures of competition. Indeed, we use rth-

degree polygon contiguity and the distance in km to create Adistance. However, contrary to the construction

of spatial matrices that only link Sector 2 physicians, we consider all physicians in Adistance. If we denote

Wcont,i as the 1 × n vector of rth-order contiguity neighbors for physician i and Di as the 1 × n vector of the
12Results obtained with inverse distance are available upon request.
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i-th row of the distance matrix D between all physicians, then, the average distance measure for physician i is

defined as:

Adistancei = Wcont,i × D
′

i

ni
(10)

where ni is the number of rth-order contiguity physicians for physician i, and ′ means transpose. We have three

different measurements depending on the contiguity order. We build our second competition measure (Share

S2) as the share of free-billing physicians in the rth-order contiguity neighbors defined previously. Then,

ShareS2i = nS2
i

ni
(11)

where nS2
i is the number of rth-order contiguity Sector 2 physicians for physician i.

For robustness checking purposes, we also create another measure of competition that combines both

Adistance and Share S2. Indeed, we use rth-order polygons used to build spatial matrices that only consider

Sector 2 physicians. If we denote WcontS2,i as the 1 × n vector of rth-order contiguity for physician i and DS2
i

as the 1 × n vector of distance between physician i and the other sector 2 physicians, we can build:

AdistanceS2
i = WcontS2,i × D

′S2
i

ni
. (12)

Given the spatial weighting matrices defined previously13 and competition measures, we propose different

empirical models that will test three definitions of the local market for physicians:

Model 1: p = ρW1p + XB + ϕq + λq1 + ε, with q1 = [W1 × W1 − diag(W1 × W1)]q.

Model 2: p = ρW12p + XB + ϕq + λq12 + ε, with q12 = [W12 × W12 − diag(W12 × W12)]q.

Model 3: p = ρW123p + XB + ϕq + λq123 + ε, with q123 = [W123 × W123 − diag(W123 × W123)]q.

5.2 The identification strategy

In this section, we discuss how we handle numerous biases inherent to empirical estimation. Our main objective

is to properly estimate our parameters of interest, especially ρ, λ and ϕ.

Sample selection bias

As described in the previous section, the availability of online ratings of physicians was partial. We work on

a final sample covering approximately 80% of our initial sample, but this selection could be nonrandom. We

thus implement the well-known Heckman two-step procedure to correct for potential sample selection bias. The

first step consists of estimating the probability for a given physician to receive (at least) one Google rating

using covariates and dummies as explanatory variables. We then compute the inverse Mills ratio obtained from

the probit regression and include it in the final regression (Model 1-Model 3) as a covariate controlling for

potential sample selection bias. In all estimations, we obtain a negative coefficient with respect to the inverse
13All matrices are row-standardized, as is usual in spatial econometrics.
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mills ratio, which is significant for ophthalmologists and gynecologists. Consequently, for those two samples,

"negative selection" occurred, and without correction, we would have produced a downward-biased estimate of

parameters.

Location choice bias

An important element that can explain the price differences observed in different cities might be the result of

location choice made by physicians. Indeed, if higher-quality physicians tend to colocate in areas with higher

income, for instance, then the estimated relation between price and physician competition could be strongly

biased without controlling for the location choices of physicians. Unfortunately, our dataset does not allow us

to model this location choice. To limit the influence of this bias as much as possible, we include dummies at

the city and district levels (Paris, Lyon and Marseille). Indeed, these dummy variables take into account all

unobserved effects at this fine geographical scale, including the attractiveness of location for physicians. As

the French territory is quite uneven in terms of physician distribution, a significant number of cities have just

one physician. Consequently, we cannot control for city-level fixed effects for all physicians. Thus, we test

three different types of location bias correction using 1) NUTS2 fixed effects, 2) NUTS3 fixed effects and 3)

city/district fixed effects. The latter uses city fixed effects for those with at least two physicians. Obviously, we

are more confident with the use of city and district fixed effects that control most of the unobservable effects at

the finest level. Our preferred estimations will thus include those dummies.

Mismeasurement of covariates

Even if the measurement error has not been discussed deeply in empirical work, it can lead to endogeneity

problems and, hence, biased estimates. To complete our empirical specification, we have to discuss which

variables will be included to control for the local market characteristics to which a physician belongs.

Model (7) includes two main local market characteristics: the density of patients (h = H/L) and the distance

between each physician (l = L/N) within the city. There are several problems in measuring these two variables

and finding good proxies. To control for the demand side of the local market, we use the population density and

the median income (see previous section for details) in the city/district where the physician operates. Concerning

the supply side, as described in the previous section, we use two main proxies. The first is the average distance

between a physician and its rth-degree contiguity neighbors (including both Sector 1 and Sector 2 physicians).

The idea here is to control empirically for global competition facing every Sector 2 physician. The second is

the share of Sector 2 physicians in the rth-degree contiguity neighbors. Here, our aim is to control for the

competition structure by taking into account the importance of cheaper alternatives for patients.

One important covariate in our model is the consultation quality of a physician. We use the average Google

rating given by patients as our proxy measure, which could be subject to a number of biases. To mitigate them,

we control for the number of ratings received by each physician. Indeed, patients may value the information

provided by the average rating more if they are based on more opinions.
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Using the appropriate estimator

The coefficient ρ in (8) is the core (spatial) parameter to estimate. There are two main econometric techniques

to address the endogeneity of the spatial lag of the dependent variable: (1) the maximum likelihood (ML)

estimation method and (2) the generalized method of moment (GMM) estimation method. ML estimation is

the most widely used technique (Anselin, 1988; LeSage and Pace, 2009). The GMM estimation (Kelejian and

Prucha, 1998, 1999) has the advantage that it does not require any distributional assumption for the error term

and remains computationally simpler than the ML estimator. Under the usual assumptions, i.e., independent

and identically distributed errors, the ML estimator is relatively more efficient than GMM. However, both

methods are inconsistent in the presence of heteroskedasticity in the error term. Nevertheless, Kelejian and

Prucha (2010) extend their estimation approach by modifying the moment functions to obtain a robust GMM

estimator under weaker distributional assumptions and unknown heteroskedasticity. Consequently, the GMM

estimator proposed by Kelejian and Prucha (2010) is the most appropriate estimation method given the intrinsic

heterogeneity of our model.

6 Empirical results, simulations and policy implications

6.1 GMM estimation of the empirical models

In this subsection, Table 2 presents the estimations of Models 1-3 for the three specializations using the

exponential distance measure and city/district fixed effects (which better control for the location choice bias).

The results using fixed effects at the NUTS2 or NUTS3 level are available upon request. In terms of overall

performance (RMSE), it seems that Model 2 (first- and second-degree neighbors) is the best specification.

Concerning ophthalmologists, we detect a strong positive spatial dependence between ophthalmologist prices

regardless of the definition of the local neighborhood. More precisely, the spatial lag coefficient is estimated

to be between 0.329 (Model 1) and 0.396 (Model 3), implying that between 50% and 65%14 of neighborhood

prices are reflected in an increment of ophthalmologists’ consultation price in the long run. In reference to

our theoretical model, a positive ρ means that consultation quality reduces price competition incentives and

that there exists significant imitative pricing in the ophthalmologist market. The importance of the spatial

effect in ophthalmologist prices is also highlighted by the significant negative coefficient (λ̂) associated with

residual neighbor consultation quality (rating). As expected, the higher the neighboring consultation quality

of a physician is, the lower its price, but due to high positive spatial dependence, this effect is very limited.

Concerning the effect of individual quality (rating), we do not detect a significant influence even if the number

of online reviews matters (C-rating). This does not mean that quality does not influence prices but instead that

this effect is already reflected through the spatial dependence in prices leading to insignificant marginal direct

effects. The positive, significant influence of the number of online reviews seems to highlight that physicians

with more reviews provide more reliable information to consumers.
14The long-run spatial dependence effect is given by 1/(1 − ρ̂).
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A very important debate in health economics concerns the link between competition intensity and price.

Our results do not highlight a significant influence of our individual competition measure (Adistance) on

ophthalmologist prices except for Model 1. Surprisingly, the estimated coefficients are negative for all models,

which is the opposite of expectation, as a higher distance should lead to a higher price (horizontal differentiation).

According to us, this negative sign could reflect two main elements: the existence of noncompetitive behavior

(with induced floor price) between Sector 2 physicians and/or the presence of a substitution between horizontal

and vertical differentiation. The influence of our competition structure variable (Share S2) seems to indicate

the existence of noncompetitive behavior. Indeed, our estimations clearly highlight a strong positive link

between the share of Sector 2 in the neighborhood and ophthalmologist prices. This effect implies that for each

percentage point increase in the share of Sector 2 in the neighborhood of a physician, price increases from nearly

0.03 euros (Model 1) up to 0.11 euros (Model 3) in the long run.15

Concerning the other variables, individual characteristics seem to have an effect. We detect a significant

gender effect, as we estimate that on average, female ophthalmologists’ prices are between 2.9 and 3.5 euros

less than male prices. Physician activity being purely liberal also positively influences the price, but it is only

significant for Model 2. City variables also matter. We estimate that the consultation price increases between

0.4 and 0.5 euros for every 1000 euros median income. Ophthalmologist prices are also positively related to the

population density in all models. Finally, the coefficient associated with the inverse Mills ratio (selection bias)

is negative and significant.

We now turn our analysis toward Sector 2 gynecologists who share some results with ophthalmologists.

Indeed, we detect a significant positive spatial dependence among gynecologist prices. Given the value of this

spatial dependence, between 40% and 45% of neighborhood prices is reflected in an increment of gynecologists’

consultation price in the long run. The coefficient associated with the residual neighbors quality (λ) is also

negative but not significant. This again highlights the fact that a positive spatial dependence reflects a reduction

of price competition incentives in favor of imitative pricing. Concerning the effect of individual quality (rating),

we detect a significant positive influence except for Model 1 (which has the lowest RMSE), and the number of

online reviews matters (C-rating). Thus, it seems that vertical differentiation of gynecologists is significant

and increases with the number of reviews received.

Concerning the link between competition intensity and price, we again find a negative relation between our

individual competition measure (Adistance) and price. This is again the opposite of what was expected, and

for gynecologists, this relation is significant for both Model 1 and Model 2. This seems to again highlight the

existence of noncompetitive behavior among Sector 2 gynecologists. Similar to ophthalmologists, the influence

of our competition structure variable (Share S2) is significantly positive. This implies that the higher the
15The presence of endogenous term W p implies that the marginal effect of any x is obtained as follows ∂p/∂x=β(I−ρW )−1. To

understand this result, consider a column vector (N × 1) of ones ι, with a W row-standardized and |ρ| < 1; the long-run spatial
effect is given by:

(I − ρW )−1 ι =
[
I + ρW + (ρW )2 + (ρW )3 + · · ·

]
ι =

[
Iι + ρW ι + ρ2W (W ι) + ρ3W W (W ι) + · · ·

]
,

= ι + ρι + ρ2ι + ρ3ι + · · · = (1/(1−ρ)) ι.
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share of Sector 2 in the neighborhood is, the higher the price. This effect implies that for each percentage point

increase in the share of Sector 2 in the neighborhood of a gynecologist, price increases from between 0.03 euros

(Model 1) to 0.11 euros (Model 3).

For the other variables, individual characteristics seem to have an impact. Indeed, we estimate that on

average, female gynecologists’ prices are between 4.1 and 4.2 euros less than male prices. Physician activity

being purely liberal also positively influences the price. City variables also matter. We estimate that price

increases between 0.6 and 0.7 euros for every 1000 euros median income. Gynecologist prices are also positively

related to the density of the population in all models. Finally, the coefficient associated with the inverse mills

ratio (selection bias) is negative and significant.

We complete the analysis of Table 2 results by focusing on our pediatrician sample. Even if some results

are common with the two other specializations, important differences seem to exist, especially regarding the

influence of competition. Indeed, contrary to the case with ophthalmologists and gynecologists, the influence

of our individual competition variable (Adistance) has the expected positive sign. It thus highlights that,

contrary to the two other types of specialists, horizontal differentiation plays a role for pediatricians. It also

implies that potential noncompetitive behavior is less important for this specialty compared to the two others.

We cannot completely rule out the existence of noncompetitive behavior between Sector 2 pediatricians, as the

effect of the competition structure variable (Share S2) is stronger than that of the two other types of specialists.

Indeed, for each percentage point increase in the share of Sector 2 in the neighborhood of a pediatrician, price

increases from 0.07 euros (Model 1) to 0.18 euros (Model 3). Another difference concerns the influence of

individual consultation quality. Indeed, contrary to the two other specialists, both the average rating and the

number of reviews received do not seem to influence pediatricians’ prices.

We also detected important spatial effects for pediatricians. Indeed, there exists a strong positive spatial

dependence between pediatrician prices regardless of the definition of the local neighborhood. The spatial lag

coefficient is estimated to be between 0.371 (Model 3) and 0.391 (Model 1), indicating that between 59% and

64% of neighborhood prices are reflected in an increment of pediatricians’ consultation prices. The importance

of the spatial effect on pediatricians’ prices is also highlighted by the significant negative coefficient associated

with neighbors’ consultation quality (rating). For ophthalmologists, the higher the neighboring quality of a

physician is, the lower its price. Nevertheless, due to high positive spatial dependence, this effect seems to be

limited.

For the other variables, individual characteristics seem to matter. Indeed, we estimate that, on average,

the female ophthalmologist price is between 2.9 and 3.4 euros less than the male price. Contrary to the other

specializations, the fact that physician activity is purely liberal negatively influences the price. This specificity

for pediatricians can be explained by a lower share of pediatricians who only work in their own office (see Table

1).

Concerning city variables, only median income seems to influence pediatricians’ prices. We estimate that

price increases between 0.3 and 0.4 euros for every 1000 euros median income. Pediatrician prices are not
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influenced by the population density in any of the models. Finally, the coefficient associated with the inverse

mills ratio (selection bias) is negative but insignificant, suggesting that for this specialty, our selected sample

does not suffer from a significant selection bias.

Overall, our empirical findings show that the circular-city framework used to analyze free-billing physicians

in France is adequate. Looking at RMSE, Model 1 or Model 2 always better fit the data compared to Model

3, which also indicates that the best empirical definitions of the local market do not exceed a two-step distance.

This is in line with circular-city models (see Alderighi and Piga, 2012). All our estimations, regardless of the

specialty studied, estimate a positive ρ for equation (8). In line with our theoretical model, this means that

the consultation’s quality reduces price competition incentives in the market. The estimated value of ρ for all

specializations also implies important local imitative pricing.

From an econometric perspective, it also implies that ignoring the existence of this positive spatial

dependence in price will lead OLS to provide bias estimates of the marginal effect of covariates (including

competition and quality measures) with inconsistent standard errors. As shown in Franzese and Hays (2007)

or Rüttenauer (2019), the sign and strength of the bias for a particular variable x depends both on the sign

and value of ρ as well as the linear link between x and Wy. Concerning the effect of competition intensity

on price, our results differ from recent empirical evidence in France for two specializations (ophthalmologists

and pediatricians); see Choné et al., 2019. Indeed, for those specializations, we detect a significant positive

relationship between competition intensity and price, suggesting the presence of collusion behavior. The natural

explanation of the difference with Choné et al. (2019) is that they did not control for spatial dependence. Indeed,

using our data and a competition variable similar to that in Choné et al. (2019), i.e., the density of physicians (x)

at the city level, we obtain a positive correlation between x and Wy. As we detect a positive spatial dependence,

it means that OLS upward biases the estimated effect of competition (β̂OLS = β + ρCov(x, Wy)/V (x)). This

explains why we find opposite results.
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6.2 Investigating a potential substitution between vertical and horizontal

differentiation

In this subsection, we try to investigate whether the unexpected sign we obtain for some specializations with

respect to our main competition variable (Adistance) could be partially explained by a link existing between

vertical (quality) and horizontal (space) differentiation. To do so, we include in our models an interaction

effect between our quality measure (Rating) and our average distance measure (Adistance). Our results are

presented in Table 3. The introduction of this interaction effect changes the sign of our distance measure for

ophthalmologists and gynecologists, which becomes positive regardless of the definition of the local market, as

theoretically expected. For pediatricians, the coefficient remains positive and statistically significant but strongly

increases in terms of value. This interaction effect also changes the sign of the coefficient related to individual

consultation quality for ophthalmologists and pediatricians, which becomes positive regardless of the definition

of the local market. For gynecologists, the coefficient remains positive but increases in value. Finally, the

coefficient related to this cross-variable is always negative for all specializations regardless of the specialization

and the definition of the local market. Even if this coefficient is statistically significant for ophthalmologists

and pediatricians only, it seems to indicate that a substitution effect is at stake between vertical and horizontal

differentiation, which could partially explain the unexpected coefficient for (Adistance) in Table 2. The

intuition behind this result is easy to understand. When the local market competition intensity is stronger,

it gives more incentive to physicians to escape price competition by increasing their quality differentiation,

whereas in the local market for which competition intensity is low, quality is not necessary to have relative

monopoly power. These results concerning the existence of a substitution effect between vertical and horizontal

differentiation seem to be robust, as all other covariates (including the spatial lag coefficient) have comparable

value signs and significance when compared to Table 2.

Consequently, it seems that physicians’ pricing decisions are driven by highly imitative pricing (high ρ value),

noncompetitive behavior (strong effect of Share S2 and limited for Adistance) and substitution between

horizontal and vertical differentiation.
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6.3 Investigating heterogeneous imitative pricing

In this section, our aim is to test an important implication related to proposition 2 of our theoretical model.

Indeed, corollary 2 establishes that differences in physician density should lead to significant differences in the

level of imitative pricing measured by ρ. We thus decide to estimate a structural break version of Model (8):

p = ρ0Wp + ρ1WpD + XB + ϕq + λq + ε, (13)

where D represents a binary variable that takes the value 1 when the physician operates in a city with a high

physician density and zero otherwise. The ρ1 coefficient captures the additional imitative pricing in high-density

cities. For our three specializations, physician density at the city level is strongly positively skewed. Indeed, the

mean physician density is higher than the third quartile (Q3 hereafter) for ophthalmologists and gynecologists.

We thus decide to choose Q3 as our threshold. Consequently, the results presented in Table 4 estimate the

change in the ρ value for physicians operating in cities with the 25% highest physician density with respect to

the average ρ value for the other physicians, that is, those operating in cities with the 75% lowest physician

density.16

The results presented in Table 4 are very similar to those presented in Table 2 concerning the impact of

all covariates. Consequently, we focus our discussion on the estimated value of imitative pricing (ρ) between

physicians located in cities with the 25% highest density and the others. The results highlight strong differences

except for pediatricians Model 1, but the best specification in terms of RMSE for all specializations is Model

2. For all specializations, the imitative pricing coefficient (ρ) is at least two times higher for physicians located

in cities with the 25% highest density compared to the rest of physicians. Indeed, if we take Model 2 as our

preferred specification, the estimated ρ value for ophthalmologists in the fourth quartile in terms of physician

density is 0.517 (ρ̂0 + ρ̂1 = 0.246 + 0.271) compared to 0.246 for the other physicians. For gynecologists, the

difference is even higher, with an estimated ρ value for the fourth quartile of 0.738 compared to 0.223 for the

others. Finally, the estimated ρ value for pediatricians in the fourth quartile in terms of physician density is

0.513 compared to 0.157 for the others. All these results clearly highlight a significant link between physician

density and the importance of imitative pricing and validate corollary 2 results.
16We are aware that a complete test of corollary 2 could only be realized with a panel dataset allowing us to test heterogeneous

ρ for each city. Nevertheless, even if our test is less general, it allows us to highlight the existence of heterogeneity in imitative
pricing with respect to physician density.
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6.4 Robustness check

The empirical results presented before could lead to important implications for health policy. To validate the

solidity of our results and, in particular, the existence of important imitative pricing in physicians’ price and

potential noncompetitive behavior, we implement a number of robustness checks. In this subsection, we only

describe the results that we obtain and put the estimation tables in the appendices.

France as a single market

In Appendix C, we present the results obtained when we do not define a specific local market for each physician

but instead allow the possibility of a link between all physicians. We, thus, use the spatial matrix (Wexp, see

section 5.1) that links all physicians in France. We then weight the link using the exponential distance measure.

A short comparison of Table C.1 with Table 2 shows that all results previously obtained still hold if we do not

define a specific local neighborhood for each physician, reinforcing our confidence with our results presented in

previous Tables.

The use of different dummies to control for location bias

An important element to control for is the location choice of physicians. As we work on cross-sectional data, the

best we can do is to use city dummies. Nevertheless, as described previously, we cannot include city dummies for

each city, as in some of them, only one physician operates. In Appendix D, we show estimation results obtained

using NUTS3 fixed effects for each specialty. To summarize, when we control less for location bias, the spatial

lag coefficient is relatively similar for pediatricians, higher for gynecologists and lower for ophthalmologists but

remains strongly significant for all specializations. For the other covariates, we obtain similar values compared

to previous Tables.

Testing another measure of competition intensity

An important complexity when we use spatial models is to define an appropriate measure of competition. In this

paper, we try to be as close as possible to the theoretical model measure (i.e., distance between physicians) by

introducing an individual distance measure. Nevertheless, in the main model, we include two distinct measures.

The first measures the average distance between a physician and its r-th degree neighbors (including both S1

and S2 physicians), and the second measures the proportion of S2 physicians in this neighborhood. To confirm

that our results concerning the existence of potential noncompetitive behavior among Sector 2 physicians are

not related to those particular measures, we use another competition variable in this section that combines

the two presented in our main results. Basically, we recompute the variable Adistance but only on Sector

2 physicians. This new variable called Adistance - S2 in Table E.1 presented in Appendix E is the average

distance between a Sector 2 physician and its r-th degree Sector 2 neighboring physicians. In Table E.1, we

see that the coefficient related to our new competition measure is negative for all specializations regardless

of the definition of the local market and only statistically significant for ophthalmologists and gynecologists.
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This is in line with the noncompetitive behavior reported before. Indeed, in our core result, we highlight a

negative coefficient related to Adistance for ophthalmologists and gynecologists, whereas it was positive for

pediatricians. We also found a significant positive effect of the share of free-billing physicians on price for all

specializations. The new results presented in this table confirm significant noncompetitive behavior among

ophthalmologists and gynecologists, whereas this does not seem to be the case for pediatricians.

6.5 Estimating the importance of imitative pricing in the long run using

simulations

The interpretation of the spatial effects is a prime interest in spatial econometrics, and there is a wide literature

on how evaluating these effects; see Kim et al. (2003); Le Gallo et al. (2003); Hondroyiannis et al. (2009); LeSage

and Pace (2009); Arbia et al. (2020), among others.

The objective of this section is to use the estimated spatial dependence between physician prices to simulate

the impact of a change in one physician price on the other physicians’ price. For this purpose, we follow the

approach developed by Le Gallo et al. (2003), where the influence of spatial spillovers is generated through

shocks in the error terms. For simplicity in this section, we apply this method using empirical Model 2, which

defines the first- and second-order contiguity neighbors as the local market for a physician. Note that we can

rewrite Model 2 in the following reduced form:

p = (I − ρW12)−1 [XB + ϕq + λq12] + (I − ρW12)−1
ε. (14)

Instead of measuring the spatial effects using the traditional marginal effect of a change in one explanatory

variable, this reduced form allows us to estimate the spatial impact or the diffusion (emission) effect given

a random shock in the error term. It will allow us to evaluate the spatial contagion of a shock affecting

one physician to all other physicians. The mechanism of diffusion is through inverse spatial transformation

(I − ρW12)−1. The magnitude of these effects is influenced by the location of each physician in the spatial

matrix W and by the spatial dependence effect through the estimated ρ parameter.

We evaluate the average impact of a shock δ affecting a physician i’s price. To obtain a distribution of

emission effects on other physicians, we need to evaluate an independent and sequential shock for all physicians.

To illustrate this, we simulate a shock δ equal to ten percent of the average price in France. Formally, our

simulation experiment can be described as follows. Let ε̂i be a N × 1 vector containing the estimated errors of

Model 2 with a shock affecting physician i:

ε̂′
i =

(
ε̂1 · · · ε̂i + δ · · · ε̂N

)′

. (15)
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Therefore, the (N × 1) vector p*
i of simulated prices after a shock in the error term of physician i can be

computed as followed:

p*
i = (I − ρ̂W12)−1

[
XB̂ + ϕ̂q + λ̂q12

]
+ (I − ρ̂W12)−1

ε̂i, (16)

= A−1X + A−1ε̂i

where ρ̂, B̂, ϕ̂ and λ̂ are the GMM estimations of ρ, B, ϕ and λ. A = (I − ρ̂W12) and X =
[
XB̂ + ϕ̂q + λ̂q12

]
.

If there is an independent and sequential shock for each physician in the sample, then P * represents the

matrix of dimension (N × N) that contains the observations on the simulated prices as follows:

P * =
[

p*
1 · · · p*

N

]
= A−1

[
X · · · X

]
+ A−1

[
ε̂1 · · · ε̂N

]
. (17)

This expression can be written as follows:

P * = ι′ ⊗ A−1X + A−1Υ̂ , (18)

where ι′ is a (1 × N) vector of ones, ⊗ is the Kronecker product, and Υ̂ is the matrix of dimension (N × N)

defined as Υ̂ =
[

ε̂1 · · · ε̂N

]
. Since each element ε̂i is defined following equation (15), this matrix Υ̂ can

also be written as:

Υ̂ =



ε̂1 + δ ε̂1 · · · ε̂1

ε̂2 ε̂2 + δ · · · ε̂2
...

... . . . ...

ε̂N ε̂N · · · ε̂N + δ


= ι′ ⊗ ε̂ + δI,

where δ is the introduced shock.

The expression (18) yields a matrix of dimensions (N × N), where column i indicates the simulated price

for all physicians in the sample after a shock in physician i. Each column i gives information on the emission

effect of the spatial diffusion process from a specific physician i to all the other physicians.

To provide meaningful results, we also apply this method using empirical Model 2 with heterogeneous spatial

dependence (see Table 4), which can be rewritten in the following reduced form:

• Model for physicians in a city with a weak density level (D = 0):

p = (I − ρ0W12)−1 [XB + ϕq + λq12] + (I − ρ0W12)−1
ε. (19)
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• Model for physicians in a city with a strong density level (D = 1):

p = (I − (ρ0 + ρ1)W12)−1 [XB + ϕq + λq12] + (I − (ρ0 + ρ1)W12)−1
ε. (20)

Figure 5 displays the simulation results (emission effects) obtained using estimated Model 2 with

homogeneous (see Table 2) and heterogeneous (see Table 4) spatial dependence (SD hereafter). These effects

should be considered long-run effects after spatial diffusion reaches a stationary value at the price of each

physician.

Figure 5: Simulated spatial effects.

Concerning simulations on ophthalmologists, we estimate an average emission effect of 2.84 euros when SD

is homogeneous, representing approximately 57% of the simulated price increase (10% of the average price or

4.95 euros). Otherwise, if an ophthalmologist in France increases the price by 4.95 euros, this will generate

a cumulative increase in the price of all other physicians of 2.84 euros. When we consider heterogeneous SD,

we estimate an average emission effect of 1.69 euros for those operating in the 75% cities with the lowest

ophthalmologist density, whereas this effect increases to 3.91 euros for those operating in the 25% of cities with

the highest ophthalmologist density.

Regarding gynecologists, the average emission effect of a physician is estimated at 2.29 euros when SD is

homogeneous, representing 41% of the price increase (10% of the average price or 5.54 euros). When we consider
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heterogeneous SD, we estimate an average emission effect of 1.80 euros for those operating in the 75% cities

with the lowest gynecologist density, whereas this effect surges to 11.80 euros for those operating in the 25%

cities with the highest gynecologist density.

Finally, in the case of pediatricians, the average emission effect of a physician is estimated at 2.46 euros

when SD is homogeneous, which represents 54% of the price increase (10% of the average price or 4.51 euros).

When we consider heterogeneous SD, we estimate an average emission effect of 1.00 euros for those operating

in the 75% of cities with the lowest gynecologist density, whereas this effect increases to 3.17 euros for those

operating in the 25% of cities with the highest gynecologist density.

All these simulations highlight an important diffusion effect of an individual price increase to other physicians;

thus, it provides an empirical idea of the importance of the imitative pricing (positive spatial dependence) among

physicians.

6.6 A brief policy discussion to limit physicians’ additional fees

The empirical evidence provided in this paper has several implications for policy-makers, especially in France.

Since 2013, the French government has implemented an important reform to try to stop the progression of

additional fees (which increased from 0.9 billion in 1990 to reach 2.66 billion euros in 2016 (CNAMTS, 2017)).

To summarize quickly, the government and the NHI entered negotiations with physician unions to create an

intermediate Sector - "Contract to improve access to health care" ("Contrat d’accès aux soins" in French, or

CAS) - between Sectors 1 and 2. Since 2013, free-billing (Sector 2) physicians have been free to sign up for this

contract or not; those who sign commit to setting their fees at a level of not more than 100% of the regulated fee.

In return, these physicians receive several benefits while their patients are able to obtain higher reimbursements

from both the NHI and private health insurance. The CAS is signed annually and is renewable, and after each

annual period, it can be discontinued by the physician who then would return to Sector 2. This contract was

slightly modified in 2017 and renamed "Practice Price Control Option" ("Option Pratique Tarifaire Maitrisée"

in French, or OPTAM).

The latest available document from CNAM (2018) showed that nearly 50% of physicians under free-billing

contracts signed the new OPTAM contract as of September 2018. While this may be seen as very positive, and

unsurprising, at first glance, it raises questions on the effectiveness of this new contract to truly address the

problem as a whole. Indeed, our price data on three physician specializations for 2013 show that the median

price is lower than twice the regulated fee (which is the maximum price under OPTAM). This observation is

confirmed by the paper of Choné et al. (2019) that uses 2014 price data. Consequently, if an adoption rate of

50% for the OPTAM contract is an important step to improve patients’ access to healthcare in France (due to

better coverage from NHI and private health insurance), it also raises questions on 1) the windfall effects for

physicians who accepted the new contract, 2) the increasing portion of additional fees paid by the NHI, 3) the

price increases of private insurance due to higher coverage and, finally, 4) the remaining 50% pure free-billing

physicians.
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Our empirical results highlight a significant imitative pricing that exists between neighboring free-billing

physicians that seems to increase with physician density. One important consequence of this reality is that an

individual decision regarding a price increase will spread to other physicians who will imitate this price increase.

As many empirical facts tend to highlight an important spatial concentration of free-billing physicians in denser

areas with higher income, the location freedom is probably an important barrier for controlling the continuing

increase in additional fees. This question of the freedom of establishment is not a new topic for policy-makers in

France and has been recently put back on the table by the Directorate General of the French Treasury (2019).

The main argument justifying this questioning is the growing appearance of medical deserts in France. We

think that our paper provides another determinant argument in favor of reassessing this freedom. Indeed, the

risk is not only of medical deserts, but also access to care in large metropolitan areas for people with modest

incomes. The new OPTAM contract that socializes the cost of additional fees in France even more is another

argument that could enter into the debate on the location freedom of physicians.

7 Conclusion and avenues for future research

France is one of the most interesting places to conduct experiments on analyzing physicians’ pricing behavior.

This is one of the few OECD countries that allows a significant proportion of its physicians to balance bill their

patients with complete location freedom. These freedoms raise the issue of unequal access to healthcare and have

become a major political and social issue in France. Indeed, this not only affects complex medical procedures

but also recurring health needs, such as a simple consultation. Some empirical facts are worrisome. For instance,

in 2011, a CNAM study showed that nearly 90% of the gynecologists located in Paris and in the Côte-d’Azur

were under free-billing systems with extra fees being considerably higher than 100% of the regulated fee. In

a more recent study, the Direction de la Recherche, des Études, de l’Evaluation et des Statistiques (DRESS,

2020) points out that the percentage of free-billing physicians has increased steadily since 2005.

In this paper, we make several contributions that provide new evidence on free-billing physician pricing

behavior. To achieve this, we developed an innovative structural framework that we test on a unique geolocalized

database of private practitioners for three medical specializations in France (ophthalmology, gynecology and

pediatrics). We model physicians’ behavior using a circular city framework where consultation quality influences

both patients’ utility and physicians’ cost. We highlight that consultation quality reduces price competition

if the effect of quality on physicians’ cost dominates its marginal effect on patients’ utility. We also highlight

that the ratio between the effect of neighborhood and individual quality on price is a measure of imitative

pricing. Indeed, by rewriting the equilibrium price equation, we show that this ratio exactly corresponds to the

coefficient linking a physician’s price to neighbors’ prices. Another important result is that local competition

intensity strengthens the value of this coefficient; that is, it increases imitative pricing. Our framework also

allows us to highlight that reinforcing competition in areas with already high physician density is more likely

to lead to a higher average price.
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The second main contribution is building a unique dataset of more than 4,000 free-billing French physicians

to be able to structurally identify the core parameters of the model and test its main implications, using an

appropriate econometric strategy. We geolocalized each physician and collected patient satisfaction ratings (as

a proxy for consultation quality) and various local environment information at the city or district level. This

allows us to build and test different local market areas and competition measures for each physician without

being restricted by administrative boundaries or arbitrary thresholds, as in existing studies. We develop a two-

step spatial econometric procedure allowing us to control for sample selection bias, unknown heteroskedasticity

and unknown distribution of errors using a GMM estimator instead of an ML estimator. We also carried out a

number of alternative estimations to validate the robustness of our empirical results.

The final main contribution of this paper is to provide evidence of free-billing physicians’ pricing behavior in

France. We find a significant positive spatial dependence between a physician price and its neighbors’ prices for

all specializations. In relation to the model, this seems to support the idea that neighboring quality reduces price

competition and that important imitative pricing exists between neighboring physicians. Indeed, the spatial

dependence in price is estimated to be between 0.3 and 0.4, implying that a significant part of the individual price

reflects neighborhood prices. We also test the prediction of a positive link between competition intensity and

imitative pricing by comparing results on physicians operating in cities with the 25% highest physician density

with the rest of our sample. Our results confirm the model’s prediction, as the estimated spatial dependence

in price is significantly higher for physicians operating in cities with the 25% highest physician density for all

specializations. We finally run simulations on the impact of an individual price increase on other physicians to

better appreciate the consequences of imitative pricing. We highlight significant propagation effects regardless

of the specialization.

Our results provide important insights to explain significant price differences across French territory. It also

contributes to the debate on the most effective tools to reduce additional fees in a system, allowing individual

pricing decisions and thus ensuring access to care for all. As discussed in the last section of this paper, political

reforms aimed at stopping the rise of additional fees have only implemented tools based on a voluntary choice

of free-billing physicians that, in reality, could not incentivize them all. The most effective tools in the French

context seem to focus on the question of physicians’ location freedom.

In terms of future research, our paper indicates numerous possible avenues. First, our results call for a

deeper use of and access to physician data. Indeed, by accessing a panel dataset on physician prices, we could

greatly improve the understanding of imitative pricing. Among other things, it would allow us to estimate our

structural model at the level of the city or local neighborhood and, thus, be able to obtain a distribution of

imitative pricing. In doing so, we would be able to more deeply test the link between physician density and

imitative pricing while controlling for any individual structural effect, including physician quality and location

choice. Second, more evaluation is needed of the government’s decision to stop the progression of extra fees.

This is particularly true concerning the new contract (CAS and latter OPTAM) that increases the socialization

of extra fees but may also have generated important windfall effects and negative indirect effects (such as price
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increases in private insurance). Third, our results also point to the need for more research on the impact

of gender on physician behavior. Indeed, we detect a significant difference between the pricing of males and

females for all specializations. This difference is important, as it represents approximately 10% of the median

price. Fourth, more research needs to be conducted on the use of online information provided by patients’

ratings. Indeed, more work needs to be carried out to better understand the bias of such measures and how

they can be useful for public authorities as an indicator of care quality. Finally, in a broader view, we think that

the theoretical and empirical framework developed in this paper offers an interesting method to analyze the

existence of local imitative pricing in other service sectors, where an important number of firms are competing

under horizontal and vertical differentiation.
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Supplementary material

Appendix A: Proof of propositions

Proof of Proposition 1

The utility function of a representative consumer is given by:

ui(x) = r − pi + αqi − tdi. (1)

The demand facing physician i is thus:

Di = lh + h

2t
[pi+1 + pi−1 − 2pi + α(2qi − qi+1 − qi−1)] . (2)

The profit of physician i is given by:

πi = (pi + p − ci)Di. (3)

The First Order Condition (FOC) with respect to pi is given by:

lh + h

2t
[pi+1 + pi−1 − 4pi + α(2qi − qi+1 − qi−1)] − h

2t
2p + h

2t
2ci = 0, (4)

which can be simplified as:

2tl + [pi+1 + pi−1 − 4pi + α(2qi − qi+1 − qi−1)] − 2p + 2ci = 0 (5)

We can rewrite the last FOC (5) to obtain N FOCs:

pi+1 − αqi+1 − (2 −
√

3)[pi − αqi] = (2 +
√

3)
(

pi − αqi − (2 −
√

3)[pi−1 − αqi−1]
)

+ 2αqi − 2(tl − p) − 2ci, (6)

for all i.

By multiplying both side by (2 +
√

3), we obtain the following set of n FOCs:

(2 +
√

3)
(

pi − αqi − (2 −
√

3)[pi−1 − αqi−1

)
=

(2 +
√

3)
[
(2 +

√
3)

(
pi−1 − αqi−1 − (2 −

√
3)[pi−2 − αqi−2]

)
+ 2αqi−1 − 2(tl − p) − 2ci−1

]
,

(2 +
√

3)2
(

pi−1 − αqi−1 − (2 −
√

3)[pi−2 − αqi−2

)
=

(2 +
√

3)2
[
(2 +

√
3)

(
pi−2 − αqi−2 − (2 −

√
3)[pi−3 − αqi−3]

)
+ 2αqi−2 − 2(tl − p) − 2ci−2

]
,
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and so on; the n-th FOC is:

(2 +
√

3)n−1
(

pi+2 − αqi+2 − (2 −
√

3)[pi+1 − αqi+1

)
=

(2 +
√

3)n−1
[
(2 +

√
3)

(
pi+1 − αqi+1 − (2 −

√
3)[pi − αqi]

)
+ 2αqi+1 − 2(tl − p) − 2ci+1

]
.

(7)

Summing up all n FOCs gives:

pi+1 − αqi+1 − (2 −
√

3)[pi − αqi] =

(2 +
√

3)n
(

pi+1 − αqi+1 − (2 −
√

3)[pi − αqi]
)

+ 2
n−1∑
j=0

(2 +
√

3)j [αqi−j − ci−j ] − 2(tl − p)
n−1∑
j=0

(2 +
√

3)j .
(8)

Thus,

pi+1 − αqi+1 = (2 −
√

3)[pi − αqi] + 2(tl − p)
1 +

√
3

+ 2
(2 +

√
3)n − 1

n−1∑
j=0

(2 +
√

3)j [ci−j − αqi−j ]. (9)

Applying a similar manipulation, i.e, multiplication of (2 −
√

3) on both sides of the equations, yields the

following:

(2 −
√

3) [pi − αqi] =

(2 −
√

3)

(2 −
√

3)[pi−1 − αqi−1] + 2(tl − p)
1 +

√
3

+ 2α

(2 +
√

3)n − 1

n−1∑
j=0

(2 +
√

3)j [ci−j−1 − αqi−j−1]

 ,
(10)

and so on; the n-th FOC is:

(2 −
√

3)n−1 [pi+2 − αqi+2] =

(2 −
√

3)n−1

(2 −
√

3)[pi+1 − αqi+1] + 2(tl − p)
1 +

√
3

+ 2
(2 +

√
3)n − 1

n−1∑
j=0

(2 +
√

3)j [ci−j+1 − αqi−j+1]

 .
(11)

Again, we sum up the n equations to obtain the following solution:

pi+1 − αqi+1 = (2 −
√

3)n [pi+1 − αqi+1]

+ 2(tl − p)
1 +

√
3

n−1∑
k=0

(2 −
√

3)k + 2
(2 +

√
3)n − 1

n−1∑
k=0

n−1∑
j=0

(2 −
√

3)k(2 +
√

3)j [ci−j−1 − αqi−j−k],
(12)

from which the closed-form expression for physician i’s equilibrium price is derived:

p∗
i = tl − p + αqi + 2

[(2 +
√

3)n − 1][1 − (2 −
√

3)n]

n−1∑
k=0

n−1∑
j=0

(2 −
√

3)k(2 +
√

3)j [ci−j−k−1 − αqi−j−k−1]. (13)
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Note that the double-summation term iterates through all physicians’ qi and ci along the circle (i.e., i ∈

0, 1, .., n − 1). Thus, we can reduce the double summation to a single summation form:

2
[(2 +

√
3)n − 1][1 − (2 −

√
3)n]

n−1∑
k=0

n−1∑
j=0

(2 −
√

3)k(2 +
√

3)j [ci−j−k−1 − αqi−j−k−1] ⇔
n−1∑
d=0

bd[ci−d − αqi−d]. (14)

Lin & Wu (2015) proposed a similar transformation and we refer the reader to the supplementary content of

their paper. We obtain the following value for bd:

bd = (2 +
√

3)d + (2 +
√

3)n−d

√
3[(2 +

√
3)n − 1]

> 0. (15)

Thus, we have the following pricing rule for physicians:

p∗
i = tl − p + αqi +

n−1∑
d=0

bd[ci−d − αqi−d]. (16)

The equilibrium price is negatively impacted by the density of physicians. Price increases with the quality of

the physician but decreases with the quality of neighboring physicians. Price increases with the individual cost

but also with the cost of neighboring physicians. Note that bd decreases with both n and d implying that 1)

more competition reduces the impact of cost but increase the impact of quality on physician price and 2) the

higher the distance between two physicians, the lower their mutual impact.

Proof of Proposition 3

Using equilibrium price given by (6) in the paper, we can write:

qi = [P ∗
i − C)] − η

∑n−1
d=1 bdqi−d

θ
, (17)

where C = tl − p + δh + ε. Consequently for the i − dth physician, we have:

qi−d =
[P ∗

i−d − C)] − η
∑n−1

j=1 bjq(i−d)−j

θ
. (18)

Inserting this last expression into P ∗
i given by (6) in the paper, we obtain:

P ∗
i = C + θqi + η

n−1∑
d=1

bd

[
[P ∗

i−d − C] − η
∑n−1

j=1 bjq(i−d)−j

θ

]
. (19)

We now simplify this last expression:

P ∗
i = C

[
1 −

η
∑n−1

d=1 bd

θ

]
+ θqi + η

θ

n−1∑
d=1

bdPi−d −
η2 ∑n−1

d=1 bd

∑n−1
j=1 bjq(i−d)−j

θ
. (20)
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Using the fact that
∑n−1

d=1 bd = (1 − b0), we can rewrite P ∗
i as:

P ∗
i = C

[
1 − η(1 − b0)

θ

]
+ θqi + η

θ

n−1∑
d=1

bdPi−d −
η2 ∑n−1

d=1
∑n−1

j=1 bdbjq(i−d)−j

θ
. (21)

Notice that the double-summation term iterates through all physicians’ ci along the circle (i.e., i ∈ 0, 1, .., n − 1).

Thus, we can reduce the double summation to a single summation form:

n−1∑
d=1

n−1∑
j=1

bdbjq(i−d)−j ⇒
n−1∑
d̃=0

wd̃qi−d̃. (22)

We derive the coefficient wd̃ in the following. Note that wd̃ includes terms bdbj at different values of j and d

that need to be aggregated. The Table below shows the values of d + j that correspond to each value of d̃.

Given that d, j ∈ 1, ..., n − 1, we have d + j = d̃ and d + j = n + d̃. And the lower and upper bounds of the

subscript of q, i − d − j, are i − (2n − 2) and i − 2, respectively.

d̃ Feasible Values of d + j Feasible Values of d and j Comment

0 N d ∈ {1, ..., n − 1} , j = n − d • 0 is not a feasible value for d + j

because 2 ≤ d + j ≤ 2N − 2

1 n + 1 d ∈ {2, ..., n − 1} , j = n + 1 − d • 1 is not a feasible value for d + j

because 2 ≤ d + j ≤ 2N − 2

• There is no solution for d + j if

d = 1 or j = 1

2 2, n + 2 d ∈ {1, 3, ..., n − 1} , j = n + 2 − d • There is no solution for d + j if

d = 2 or j = 2
...

...
...

...

n − 2 n − 2, 2n − 2 d ∈ {1, 2, ..., n − 3, n − 1} , d = n − 2 − j • There is no solution for d + j if

d = N − 2 or j = N − 2

n − 1 n − 1 d ∈ {1, 2, ..., n − 3, n − 2} , d = n − 1 − j • 2N − 1 is not a feasible value for

d + j because 2 ≤ d + j ≤ 2N − 2

• There is no solution for d + j if

d = N − 1 or j = N − 1

Consequently, for d̃ = 0, we have d + j = n only so that w0 =
∑n−1

d=1 bdbn−d =
∑n−1

d=1 b2
d.

For d̃ = 1, we have d + j = n + 1 only so that w1 =
∑n−1

d=2 bdbn+1−d.

For d̃ = n − 1, we have d + j = n − 1 only so that wn−1 =
∑n−2

d=1 bdbn−1−d

For d̃ = {2, ..., n − 2}, d + j can be equal to both d̃ and N + d̃, thus

wd̃ =
d̃−1∑
d=1

bdbd̃−d +
n−1∑

d=d̃+1

bdbn+d̃−d =
n−1∑

d=1,d ̸=d̃

bdbn+d̃−d. (23)
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We can now rewrite the expression for the optimal physician price as:

P ∗
i = C

[
1 − η(1 − b0)

θ

]
+ θqi + η

θ

n−1∑
d=1

bdPi−d −
η2 ∑n−1

d̃=0 wd̃qi−d̃

θ
. (24)

As we can see, the sum for the quality of neighbors includes d̃ = 0 that is the quality of physician i. We thus

extract this term to rewrite the optimal price for physician i in this way:

P ∗
i = C

[
1 − η(1 − b0)

θ

]
+ θqi + η

θ

n−1∑
d=1

bdPi−d − η2

θ
w0qi −

η2 ∑n−1
d̃=1 wd̃qi−d̃

θ
. (25)

Finally, we simplify the expression for the equilibrium price as:

P ∗
i = C + ρ

n−1∑
d=1

bdP ∗
i−d + ϕqi + λ

n−1∑
d̃=1

wd̃qi−d̃. (26)

where C =
[
1 − η(1−b0)

θ

]
(tl + δh − p + ε), ϕ = θ2−η2w0

θ , ρ = η
θ and λ = η2

θ .

Note that for simplicity, we will rewrite equilibrium prices equation system given by (24) in a matrix format.

Let’s define wip =
∑n−1

d=1 bdP ∗
i−d where wi is a 1 × n vector and p is a n × 1 vector of price. The system of wip

for all physicians can then be write as Wp where W is a n × n matrix where row vector are given by wi. Having

these notations in mind, we can easily rewrite equilibrium prices equation system given by (24) as:

p = ρWp + XB + θq + λ[W × W ]q. (27)

In the same way we rewrite (24) into (26), we can rewrite (27) as:

p = ρWp + XB + ϕq + λ[W × W − diag(W × W )]q.

p = ρWp + XB + ϕq + λq, (28)

with q = [W × W − diag(W × W )]q.
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Appendix B: Information on Spatial Weighting Matrices

Table B.1 shows the information of different spatial matrices used in the paper.

Ophthalmologists
Elements Wexp W1 W12 W123

Minimum weight > 0 5.88e-39 5.97e-39 5.89e-39 5.89e-39
Mean weight 0.0005974 0.0005974 0.0005974 0.0005974

Non zero weights (%) 0.409 1.325 2.944
Mean neighbors 7 22 49

Gynecologists
Elements Wexp W1 W12 W123

Minimum weight > 0 5.88e-39 7.11e-39 6.02e-39 5.93e-39
Mean weight 0.0005371 0.0005371 0.0005371 0.0005371

Non zero weights (%) 0.390 1.261 2.833
Mean neighbors 7 23 53

Pediatricians
Elements Wexp W1 W12 W123

Minimum weight > 0 5.88e-39 7.56e-39 6.55e-39 5.93e-39
Mean weight 0.0016779 0.0016779 0.0016779 0.0016779

Non zero weights (%) 1.087 3.480 7.553
Mean neighbors 6 21 45

Table B.1: Information of spatial weighting matrices under exponential function.
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Appendix C: Estimation results when France is considered as a single market
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Appendix D: Estimation results under different F.E to control location choice bias
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Appendix E: Estimation results when using a different competition measure
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