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Abstract
In this paper we ascertain that the Italian market for medical devices is characterized by significant price dispersion. We have, therefore, carried out an econometric
analysis, as well as a Bayesian network analysis to verify if price dispersion is due
to price discrimination. We have found that ASLs (Aziende Sanitarie Locali) incur
higher procurement costs than AOs (Aziende Ospedaliere), which purchase larger
quantities as Centralized purchasing agencies do. Consequently, second-degree price
discrimination may be one of the causes of price differences. Price levels are also
inversely related to product age because of intense innovative activity, making product differentiation more likely than price discrimination. Public procurement agents
located in Southern Italy pay higher prices than those located in Northern or Central
Italy. This is due to the higher probability for Southern procurement agents to purchase from independent wholesalers, rather than from producers, implying a double
marginalization effect which raises final prices. It is also more likely that obsolete
medical devices are sold to Southern health care providers.
Keywords Price dispersion · Bayesian networks · Double marginalization
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1 Introduction
Since the onset of the European debt crisis, the topic of potential waste of public
resources has received particular attention in heavily indebted Member Countries
such as Italy. Due to its sheer size, one sector, where an inefficient use of resources
may have a relevant impact on overall governmental budgets, is public healthcare. A
significant fraction of the healthcare budget is spent on the purchase of pharmaceuticals and medical devices; therefore, the last few years have been characterized by
the introduction of several policies, whose main purpose has been to identify potential saving and enforce cost reduction in these areas. For the public acquisition of
pharmaceutical products, this has been done, for example, by introducing policies
that encourage the use of generic instead of brand products. The measures for medical technology procurement, on the other hand, have often focused on increasing the
level of transparency in the rather complex and highly differentiated medical device
markets.1
Suspicion that a substantial level of price discrimination in the medical device
industry might exist explains part of the underlying reasons for the introduction of
such measures. In other words, a number of public procurers may possibly have to
pay significantly different prices for the acquisition of identical products. Unfortunately, the data made available by the Ministry of Health do not specify the seller’s
name for each medical device and thus are useless to carry out an analysis of price
discrimination. In this paper, we will try to carry out such an analysis by using a
unique data set that stems from the Consorzio di Bioingegneria e Informatica Medica (CBIM), a non-profit research institution, which was founded in 1992 by the
University of Pavia and other scientific biomedical research institutions (See Sect. 4
for further details). The main advantage of this data set is that both the seller and
the buyer are named for each transaction considered. Moreover, these data are also
very detailed, specifying the different varieties of the same product for most items.
Actually, producers have frequently criticized claims about excessive price differences concerning the same device, stating that products being compared may not
be exactly the same device, due to the high degree of product differentiation regarding even the simplest items. Therefore, making detailed information available avoids
mistakes when comparing products as well as risk of confusing price discrimination
with product differentiation strategies.
This paper is organized as follows: in Sect. 2, we will consider the definition of
medical devices and market structure issues; in Sect. 3 we will list and discuss the
potential key variables for price discrimination; in Sect. 4 we will specify the main

1
For example, as pointed out in Ministero della Salute (2014), a direct information flow from the public
medical device procurers to the Italian Ministry of Health was introduced in 2010, in order for the latter
not to have to approximate the value of medical device consumption (decay) anymore, but to be able to
assess it precisely at the device and hospital levels.
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features of the data set used for our empirical analysis; in Sect. 5 we will provide
summary statistics to assess the degree of price dispersion on the market; in Sect. 6
we will carry out an econometric analysis by accounting for the potential variables
for price discrimination analyzed in Sect. 3; in Sect. 7 we will perform an additional
empirical analysis based on Bayesian networks achieving further results as far as the
causes of price dispersion are concerned, especially regarding differences in price
between Northern and Southern Italy. Finally, our conclusions will follow in Sect. 8.

2 Definitions and market structure
To our mind, the most relevant definition of Medical device, is the one that is used
for the Italian National Classification (CND, Classificazione Nazionale dei Dispositivi medici) given by the Italian Legislative Decree n. 46 issued on February
24 (1997), where the rendering of Article 1, §2 from the European Council Directive 93/42/EEC dated June 14 (1993), is adopted. This definition is very broad and
encompasses “any instrument, apparatus, appliance, software, material or other article (…) including the software intended by its manufacturer to be used specifically
for diagnostic and/or therapeutic purposes”.
Given such an extensive description, it is very important to point out two general features that characterize the medical device industry. First of all, due to the
complexity of the human body, the high number of different medical conditions and
the diversity of the treatment options, an immense variety of different products and
technologies can be defined as medical devices. Thus, an extremely high level of
product heterogeneity exists in this sector. Rather simple products, such as syringes
or examination gloves, as well as high-end diagnostic imaging equipment or pacemakers, can be considered medical devices. Therefore, referring to a medical device
market may be misleading. For example, according to the definition of a separate
market adopted in antitrust practice, we ought to consider demand and supply-side
substitutability and cross-elasticities estimations.
Thus, the medical device industry consists of several different markets that in
turn, often include other submarkets. Therefore, the drug-eluting coronary stents
market, the market for bicameral rate responsive cardiac pacemakers, the femoral
head hip implants one, and so on should be dealt with separately. Of course, we can
often observe a high level of product differentiation within these submarkets related
both to variety (horizontal differentiation) and to quality (vertical differentiation).
In a number of these submarkets, the supply structure can be described as a differentiated oligopoly, as suggested by Pauly and Burns (2008) and Vellez (2012). By
calculating the Herfindahl-Hirschmann Index (HHI), with data from 2003 to 2009
inferred from the Orbis™ database, Boscolo and Tarricone (2013) found that in
most Italian medical device markets, market concentration was increasing.2
2

∑N
The HHI is calculated as the sum of squared market shares si on the N firms in the market, i.e. i=1 s2i .
Especially for very asymmetric distributions of market shares, the resulting HHI will be rather high, with
a maximum value of 1 for a perfect monopoly. It should be noted, however, that the HHI measures market concentration, which is not necessarily accompanied by higher market power, i.e. the ability of firms
to charge higher relative markups.
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The second important characteristic of this market is high innovation rate. According to Medtech Europe (2018) studies, in 2016 the medical technology sector reached
first place in Europe as far as the number of patent applications is concerned.3 This
is also shown by the average length of the product life cycle—the time span before a
device is replaced by a new updated one—which lasts around 18–24 months, according to Eucomed (2014a). It may be the result of the substantial share of revenue that
is spent on R&D activities. However, as Pammolli et al. (2005) and Centro Studi
Assobiomedica (2012b) pointed out, another cause for this high innovation rate might
be related to the level of knowledge-based diversity in the medical device industry,
implying a relevant level of interaction among different scientific fields.
Considering the demand side. we shall concentrate our attention on publicly
acquired devices. The Italian National Health Service, (Servizio Sanitario Nazionale
or SSN) is a nationally coordinated but mainly regionally administered healthcare
system. It provides universal coverage that is mostly free of charge at the point of
delivery. Despite redistribution of funds by the central government, there are significant regional disparities concerning health care financing, especially between
Northern/Central regions and the Southern ones including the Islands. Relevant
differences concerning the efficiency of health-care provision and even the general
health status of the population can also be observed, but these differences are not
necessarily correlated with the total public funds involved. In addition, there are
notable patient migrations from the Southern to the Northern regions, as well as
higher prevalence of private health facilities in the South that seem to satisfy needs
that exist only in a limited extent elsewhere (Vellez 2012).

3 Key variables for price discrimination
This research aims to detect the empirically relevant determinants of medical device
prices that are not linked to the physical characteristics of the product. We shall call
them external factors for convenience. A number of such external price-influencing
elements occur on both the demand and supply side. Hereafter, we shall list part of
them, in parallel to the relevant literature, with particular emphasis on the ones that
we deem important for our empirical analysis. In order to add precision to the following informal analysis, for certain variables it might be useful to check whether
and how they influence (i) supplier costs,4 (ii) the buyer’s price sensitivity, and the
(iii) competition level in the procurement procedure.5
3
More than 12,200 patent applications were filed with the European Patent Office (EPO), representing
7.7% of the total; 41% of these applications came from European countries (EU28, including Norway
and Switzerland) and 59% from other countries, the majority of which arrived from the US (38%).
4
According to Stigler (1987), whose definition is the one used in the relevant price discrimination literature as in Varian (1989), Tirole (1988), or Stole (2007). As far as this definition is concerned, a firm
engages in price discrimination, when it sells two similar products at price ratios that are not equal to the
marginal cost ones, i.e. when it charges different relative markups.
5
In this paper, we are focusing on publicly procured medical devices mostly due to space and data constraints, but also because many privately paid-for medical devices are traded in rather standard commodity market environments, as for example, dental implants.
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3.1 Supply side key variables
As we have already remarked, the supply side of the medical device markets is often
characterized by the existence of differentiated oligopolies, which can be described
as market structures where a rather small number of firms obtains a certain degree
of market power thanks to product differentiation. With the medical device industry
being one of the most innovative in the Western world (Pammolli et al. 2005), this
might partly stem from innovation and subsequent enforcement of product differentiation through patent protection rights.
A certain degree of market power is one of the three conditions that need to be
fulfilled for price discrimination to be profitable, the others being the existence of a
segmentation mechanism and limited arbitrage possibilities for buyers. The latter are
both met in a market environment where buyers are public entities and can be easily
identified and segmented, for example on the basis of their purchase histories, while
arbitrage is hindered at least by information asymmetries and transaction costs.
Another supply side characteristic is the existence of different supply chains that
are used for transactions of otherwise identical medical devices. Most importantly,
a device can be sold either by a wholesaler (or even by a retailer) or directly by the
manufacturer. Price differences stemming from the supply chain features could, for
example, be due to double marginalization effects, causing excessive prices; they
may also arise from a wholesaler’s bundling practices, which a manufacturer might
not be able to share.
3.2 Demand side key variables
However, differences between wholesaler prices and direct manufacturer’s sale
prices might simply be a symptom of another important price determinant: purchasing volumes. Quantity discounts are a form of second-degree price discrimination,
which differs from the third-degree one according to the segmentation mechanism.
The former implies customers’ segmentation through a self-selection mechanism,
while the latter means sorting on the basis of observable buyer signals. In the case
of a non-monopolistic procurement market, you might suspect large quantities to
be associated with a higher degree of competition in the procurement procedure.
Although this seems intuitive, the theoretical literature on this topic is more ambiguous, as pointed out in Vellez (2011) and Dimitri et al. (2006). Due to the fact that in
exogenous participation models, a higher purchased quantity leads to more intense
competition and lower prices, firms might abstain from participating in a tender procedure if participation is endogenous and involves administrative costs. Large quantities involve higher expected competition in this case, and by reducing the probability of winning, they drive the foreseeable net participation profit below zero.6

6
These models, however, do not take into account other, more dynamic factors that could potentially be
relevant such as firms’ general reluctance to lose market shares in an uncertain future. For differentiated
goods and physician preferences, winning a large procurement contract might also imply larger future
profits from lock-in effects.
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Price differences could also be due to quantity differences arisen from cost effects,
caused, for example, by economies of scale in production. The argument set forward
by Centro Studi Assobiomedica (2015b) and Eucomed (2014b), that large contracts
might prevent small producers from participating in the competition because of their
capacity constraints, should be considered but not overemphasized, since such problems could be mitigated in several ways, for example granting continuously partial
deliveries over the whole supply period.
Moreover, the variable of procurement centralization is closely related to the purchasing volume. As Sorenson and Kanavos (2011), and Eucomed (2014b) pointed
out, there seems to be an overall European tendency towards centralization of public
medical technology procurement, probably due to increasing pressure on healthcare
budgets. As shown by Centro Studi Assobiomedica (2016), this is also true for Italy,
where centralized acquisition went up from 37% to 75% of the contract value for
procurement above the EU publication threshold of 207,000 Euros between 2007
and 2015.7 This same study also determined that such controlled provisioning is
generally related to larger size contracts, which might be the most relevant determinant of the resulting unit price for medical devices. However, a central regional
acquisition agency for medical devices might also be characterized by a higher level
of specialization with respect to these procedures, and therefore, it could be able
to carry out cost-efficient purchasing decisions. In addition, the “distance” between
physicians and administrators is greater in a centralized setting, thereby reducing the
influence of physicians’ preferences, as will be clarified in further detail hereafter.
In case of single hospital purchasing, which represents the largest part of our
data, there are several institutional factors that might be of interest, when exploring
the causes of price differences. Firstly, the type of institution involved, which is represented by four organizations types in Italy: at local level, the most important units
are the Local Health Firms (Azienda Sanitaria Locale or ASL). Besides providing
outpatient assistance and a number of community services, an ASL manages one or
more small District General Hospitals (Presidi Ospedalieri) directly and is mostly
funded by regional authorities. Such funding is based on specific regional diagnosisrelated group (DRG) schemes (Ferré et al. 2014). In addition to ASL, three other
kinds of healthcare facilities exist, which complete the level II hospitals. The most
important one is the General Hospital or Azienda Ospedaliera (AO). AOs are independent from the local ASL, directly accountable to the regions, and characterized
by highly specialized departments that deal with more complex medical conditions
than ASLs. Furthermore, ASL funding is based on DRG and on a fixed transfer from
the regional government depending on the population’s characteristics of the ASL
district of reference. AOs are generally reimbursed through a mixture of DRG-based
and fixed-fee funding. Thus DRG funds can be more relevant for AOs. The two
remaining facilities are the Institutes for Treatment and Research (IRCCS) and the

7

This analysis is based on supply contracts exceeding the EU publication threshold. Smaller contracts
that are published only in Italy are excluded. The overall incidence of centralized procurement is therefore likely to be lower.
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Academic University Hospitals (AOU) that differentiate from the AOs mainly for
their scientific research and/or training responsibilities.
As pointed out in Di Novi et al. (2017), the Italian regions have adopted different strategies concerning the establishment of independent public hospitals (AO).
According to the percentage of beds directly controlled by ASL within the hospitals, we can distinguish four models. (1) The integrated model, where most hospitals
are part of ASL (the percentage of beds in the ASL hospitals is > 66%). Six regions
belong to this category: Veneto, Valle d’Aosta, Trentino Alto Adige, Abruzzi,
Molise and Sardinia. (2) The semi-integrated model, where the percentage of beds
in the ASL hospitals ranges between 40% and 66%. Piedmont, Emilia Romagna,
Tuscany, Liguria, Umbria, Marche, Basilicata, Calabria and Apulia match with this
model. (3) The semi-separated one is characterized by a percentage of beds in the
ASL hospitals ranging from 20 to 40%. Four regions can be identified within this
setting: Friuli, Lazio, Campania and Sicily. (4) The separated model, where less than
1% of the hospitals are part of ASL, and patients are free to select their providers
(public or accredited private ones). The only region that falls into this category is
Lombardy. In systems where AOs grant the greater share of healthcare (semi-separated and separated model) we also expect to observe a certain degree of competition among AOs.
Besides the hospital type and the different regional models, it could also be
important to evaluate variables such as the size of the health firm, for example. calculated by considering the number of beds. Another relevant institutional characteristic is the distribution of the authority to purchase medical devices inside the hospital. Hospital administrators may have different preferences compared to physicians,
especially in terms of price sensitivity. However, the relationship between these two
categories can be described by their asymmetric information about product features,
and final decisions are often made on the basis of the recommendations of physicians less sensitive to price issues. The way authority is shared between these two
components could therefore provide an indication about price sensitivity of the purchasing entity. As a first simple approximation, the percentage of the health firm’s
staff holding an administrative position could be used, as was in Bonaccorsi et al.
(2000) or Vellez (2012). In general, physicians’ preferences and their impact on final
purchasing decisions and prices were a focal point of several papers, such as Burns
and Lee (2008), Pauly and Burns (2008), Lerner et al. (2008), or Grennan (2013). In
fact, if physicians have strong preferences for certain products (the so-called physicians’ preference items) and enough power to influence the final purchasing decision
strongly, this can lead to high switching costs and lock-in effects for the hospital,
implying a rather inelastic demand.8 If suppliers are aware of this inelastic demand
function, they can engage in third degree price discrimination and charge higher
8
It should be noted that the underlying reasons for such strong preferences can be legitimate, but also
illegitimate, e.g. connected to corruption. In addition, the practice of sponsoring physicians’ congresses
in attractive locations and paying for doctors’ expenses might be able to influence their preferences. In a
number of cases, it is not entirely clear where marketing methods end, and more illicit practices begin.
This topic, however, goes beyond the scope of this paper.
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prices to these customers, due to the public availability of the purchasing history of
a hospital.
As Assobiomedica (2010) reported, it is important to include in any price dispersion analysis if a certain device represents a recent innovation or if it has been
on the market for many years, because more innovative products will naturally be
more expensive. In fact, given the highly innovative nature of medical device markets, innovation is an important variable that needs to be included in any analysis
comparing prices of apparently equal devices over a certain period of time. While
the product characteristics per sè do not change, the buyers’ perception varies over
time, influenced by the introduction of new substitute products. However, most of
the “intertemporal” price differences might also stem from divergent degrees of the
producer’s market power in the course of time and hence from price discriminatory
practices. This is especially true for innovations that are “disruptive” and can open a
new (sub-) market.
3.3 Regional differences
Another variable that needs to be included in any analysis comparing prices paid
by health firms across Italy is represented by the region or macro-region where the
buyer is located. Hospital funding based on DRGs differs among the Italian regions.
Since several of these DRGs also include the use of medical devices, DRG regional
differences are likely to have an impact on the procurement agent willingness to pay
and thus on observed medical devices prices. DRGs are in turn based on the costs of
medical devices, we are aware that this can imply a reverse causality issue. Moreover, it can be claimed that a bail-out eventuality may reduce the impact of DRG on
the willingness to pay for medical devices in the case of public health providers. In
addition, there is a range of other factors that might influence the prices for medical
devices in different regions.
For example, regional price differences might be due to late payment. This practice, which many Italian public procurers engage in, is one of the factors that is frequently highlighted by suppliers (Assobiomedica), as being a legitimate reason for
price discrimination. With a national DSO (Days/Sales Outstanding) average of a
little less than a year, Italy still lags far behind most European countries, reporting an average of under 60 days—other exceptions are represented by Greece, Spain
and Portugal (Centro Studi Assobiomedica 2014). Several explanations have been
given for this phenomenon, the most relevant of which are liquidity problems, public administration inefficiency and the extremely long duration in Italian civil law
of legal litigation, discouraging suppliers from legal action against illicit public
practices. It should be noted that, even though DSO under 60 days rarely occurs in
Italy, there are significant regional disparities and even more decisive ones at a local
level. For example, while the average DSO for Valle d’Aosta, Friuli Venezia Giulia,
Marche, Lombardy and Trentino Alto Adige regions ranged from 72 to 92 days in
December 2013, Calabria, Molise and Campania’s was 832, 822 and 456, respectively. Actually, default risk, opportunity costs and liquidity constraints can increase
expected supply costs for firms selling to hospitals with larger DSO figures, which
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might lead them to increase their prices or to abstain from competing. Obviously,
divergent prices based on expected cost differences do not fall under the definition
of price discrimination.
3.4 Residual factors
Finally, there is a range of other factors that can influence price dispersion, which
cannot be included in our empirical analysis due to data constraints or to their peculiar characteristics. One of them is market transparency, whose impact on prices has
been studied and debated in the US after the introduction (without its implementation) by the Congress of the Transparency in Medical Device Pricing Act, which
would have made disclosure of average and median product prices mandatory (see
Grennan 2013; Pauly and Burns 2008). Although, in general, price transparency
might lead to more consistent prices, the impact on welfare is ambiguous. For example collusion is also generally made easier to implement through price transparency,
as Hahn et al. (2008) pointed out, and consequently welfare would decrease. However, it is difficult to assess if and how collusion exists in the Italian medical device
markets, and it would be beyond the scope of this paper in any case.

4 The data set
4.1 Data set construction
Our data set stems from the Consorzio di Bioingegneria e Informatica Medica
(CBIM) one. In order to set up its database, CBIM has focused on web-based market research using the published and final results of procurement procedures for a
number of public bodies from 2010 to 2014 and saving the collected pricing data in
an internal database. Thanks to an agreement reached with the Department of Economics and Management of the University of Pavia, this internal database has been
shared with us to carry out this empirical research.
The biggest advantage of this data set is its highly disaggregated nature, which cannot be compared to any other source used for similar research in Italy. There are three
levels of product aggregation included in these data: The national classification of
medical devices (CND), the codes of the national register for medical devices, Repertorio dei Dispositivi Medici (RDM), and the ID that CBIM has assigned to each
medical device.9 The 11-digit CND code provides a disaggregation level that is superior to the one used, for example, in Vellez’s (2012) empirical analysis. If any further

9
The CND is a code starting with a letter, say C for cardio-circulatory devices, to which 2-digit
sequences are added for an increasingly refined product grouping, so that we have C01 for arterialvenous devices, C0104 for angiography and hemodynamic devices, etc., until we reach the most disaggregated stage of, C010402020101 for example, denoting vascular dilatation balloon catheters for percutaneous transluminal angioplasty (PTA), a product group that constitutes by far the most frequently
occurring type of medical device in our dataset with 1585 observations out of the total 7612.
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disaggregation is required, the RDM code should be used. These simple numerical codes have been assigned in a consecutive order to every new entry in the Italian Health Ministry’s inventory of medical devices, which was made available to the
public in 2009 and is still being updated. The RDM code identifies a single product
or the brand of a medical device by a certain producer and is rather precise in most
cases. While the disaggregation level of the RDM and the CBIM product ID sometimes coincide, for several products there are multiple IDs assigned to one RDM code.
To build our specific data set, we have used information collected by CBIM to
provide BPA services page 11.10 Our data have included details about the party
requesting this service, such as the name of their hospital, the date of their request,
and above all, the ID of the devices involved; in case of an ex post analysis, the
prices offered, the supplier, and, unfortunately very rarely, the quantity purchased.
This information has been completed by using the detailed results of the market
research together with the observations for the procuring entity, the source document, the device ID, the prices paid, the supplier and seldom the quantity.
Then an additional datasheet providing detailed information about the product:
the trade name of the device, the CND code, the RDM code, and its producer has
been associated to our previously acquired knowledge. Using diverse IDs that can
identify the products, the requests or the sources, we have linked these datasets and
created a larger one. The latter includes information about prices paid by healthcare
providers requesting CBIM services, and the ones paid by different health procurers
for the same products identified by CBIM market research.
To increase the number of useful observations, i.e. medical devices with at least
two price observations, we have created an aggregated price variable that consists
either of the prices revealed by market research or of the ones communicated by
BPA requesting entities. While this has significantly increased the number of devices
for which a price comparison is possible—from 1161 to 2886—, and the total of the
useful observations—from 3072 to 7612—it might imply a slight loss of precision
as far as the interpretation of the price variable is concerned. In fact, as previously
mentioned, prices coming from the health firms requesting the BPA service are not
the final ones but to some extent preliminary offers that could be renegotiated if they
turned out to be highly unfair. Furthermore, the case might be that especially healthcare providers who consider the prices they are offered too high, could be willing to
pay for the BPA service, possibly involving a sampling bias.
We have solved this tradeoff by creating a dummy variable that can identify if an
observed price is the final one detected through market research or if it constitutes a
preliminary economic offer. Therefore, we will use this variable to check for robustness of our results by using an aggregated price measure as a dependent variable.11
10
Benchmarking Prezzi e Acquisti (BPA). Thanks to this service, healthcare providers can contact
CBIM with a detailed list of medical devices that they either plan to purchase or for which a preliminary
procurement procedure has already been carried out, with the aim of acquiring information about prices
other healthcare providers have paid for them in the last 36 months.
11
The fact that there are 5 or more price observations at the ID level, for only 189 out of the 2886 comparable devices, seems to be a relevant problem at first sight. However, we can still make these inferences
at an aggregated level by adequately constructing the dependent variable, although it could prevent inferences about the extent of price dispersion and its determinants for a single medical device type.
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4.2 Variable construction
We have assembled three different types of dependent or target variables with a
number of distinct specifications. The first one is the intragroup variation coefficient
𝝈
(CV) (See Fig. 1), i.e. CV = 𝝁j with 𝝈 j denoting the standard deviation and 𝝁j the
j

mean of the prices observed for a specific medical device j. At an individual level,
the resulting values are often meaningless, due to the low number of observations
per group, but when averaging among all devices, we are able to infer interesting
insights about the average level of price dispersion, as can be seen in the summary
statistics provided in the next section. In order to check these results for robustness,
we have set up intragroup CV variables limited to market research prices, and for
slightly more aggregated medical device groups at the RDM level, i.e. at the level of
a manufacturer’s specific product brand. Furthermore, we have determined identical
variables for each of these specifications including observations only when the
groups are over a certain size threshold, e.g. at least 3 observations at the ID level or
at least 10 at the RDM level per group.
The second variable type denotes the relative difference of a certain price compared to the intragroup mean in percentage. The Percentage above Mean (PAM)
p −𝜇
variable in mathematical notation is given by PAMi = ij𝜇 j with pij referring to a
j

single price observation i for a medical device j. The first advantage of this measure
is that it captures all the product-specific influences on prices, due its relative nature,
and thus enables comparisons among entirely different groups of products. The second favorable aspect, compared, for example, to using the lowest intragroup price as
a reference, is that the PAM measure is distributed rather constantly around its
mean, which is approximately zero. This allows us to use a simple OLS as an estimation method, instead of having to resort to more complicated estimation procedures often relying on stronger assumptions. In addition, to check the robustness of
our results, we have devised several PAM specifications for RDM groups, limited to
market research prices, or for an intragroup including at least a minimum number of
observations.
The third type of price variable is simply an indicator denoting overpricing whenever the observed price is above the intragroup mean, or, in other words, the relevant
PAM measure is larger than zero. Although this discretization naturally involves
minor precision, such an overpricing indicator is optimal for a Bayesian network
analysis (see Sect. 7), given that this method works only with discrete variables. It
has also been possible to create a further indicator to connote the existence of an
independent intermediary in the supply chain, mostly by using the original data set.
Since our database provided the manufacturer’s name, as well as the final seller’s,
the names of the respective firms could be compared and the value of the intermediary indicator be set as equal to one, whenever the producer and the final seller didn’t
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belong to the same firm, and to zero if the two values coincided. However, as producers and suppliers are sometimes part of the same corporate group of firms, and
this is not evident from the denominations in the data, the supplier will be treated as
an independent intermediary. Therefore, using the available public information, we
have checked all the distinct producer-seller pairs for such dependencies and corrected the values referring to the intermediary indicator accordingly.
Conversely, other important determinants could not be considered only on the
basis of the original data set. In order to augment the data set according to several,
mostly purchaser-related dimensions, we have considered the variables showing the
names of the procuring health firms. At first, research on the purchasers’ names has
provided the type of hospital (AO, ASL, IR-CCS/AOU), and the region where these
health firms are located. This regional distribution then, has been employed to create a variable representing greater geographic areas: North-Eastern, North-Western,
Central, Southern Italy, and its islands, as well as a dummy variable, with value 1
if the purchaser is located in the South or on the Italian islands. We have also used
location information to elaborate different dummies in order to identify regional
organization models: integrated, semi-integrated, semi-separated and separated.
Furthermore, the regional variables, together with the procurers’ names have provided the code used by the Italian Health Ministry to identify its public health firms.
This same code has allowed us to augment data about the administrative personnel
percentage and the number of beds in each structure.
In addition, we have examined the available publications of Assobiomedica
about late payments of public procurement agents to create a variable denoting
the average DSO values for hospitals, from 2011 to 2014.12 It might be objected
that it would be better to rely on the DSO values that stem from the months or the
year preceding the purchase, and this would certainly be the best option if these
data were available and trustworthy. However, the four data sources we have been
able to elaborate on were the easily accessible ones, since older data on DSO
statistics on a monthly basis are obtainable only at a regional aggregated level.
Furthermore, it is important to assemble average data, because the DSO statistics
are just calculated using the panel of firms that are active on the Italian medical device market, as pointed out by Assobiomedica. Data can therefore be considered representative exclusively at a regional and national level, whereas DSO
values at a single health firm level could possibly be biased. Averaging over a
period of several years might partly solve this problem, and the ordinal hospital
ranking could also be preserved in most cases. Nevertheless, the resulting statistic
might not perfectly represent the DSO value that the sellers might have included
in their pricing strategies at the time of the procurement procedure. Thus, the
results derived from the DSO variable, although meaningful, have to be interpreted cautiously, and the variable model needs to be refined further in future
research. For example, a good solution would be, to receive the monthly DSO

12

The specific values employed represent an average determined between September and October 2011,
and December 2012, 2013 and 2014’s values. See Centro Studi Assobiomedica (2012a), (2013), (2014),
and (2015a).
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Fig. 1  Distributions with different specifications for intragroup variation coefficients referred to medical device prices. The solid lines represent the average values, while the dashed ones report the median
values

data from Assobiomedica for the years 2009 to 2014 and compute the averages
for the 2 years before the purchase was made.
Another assembled variable that will be included in our analysis is the one
indicating how long a device has been included in the national register for medical devices. This variable has been created by merging the date of the first publication in the RDM database with our dataset and calculating the number of days
that have passed between this first publication and the observed purchase. As only
the same devices ought to be compared, it is useful to conceive a relative variable
expressing how long the device has been included in the RDM database. Our goal
is to create a proxy for innovation or the age of a product, a possibly significant
factor to explain price dispersion. However, it certainly won’t be a perfect proxy
for several reasons. Because the RDM inventory has been implemented rather
recently—its first entries dating from July 2007—especially for older products,
the date of first publication in the inventory is not necessarily related to the date
of their appearance on the market. Given that more than half of our observations
concerning first RDM registration date entries have been collected in the initial
period (between mid-2007 and the end of 2009), this factor may be rather relevant
in our case. In addition, there may have been a delay—for products introduced
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not so long ago—between their introduction on the market and their registration,
also reflected by the existence of (very few) negative values of the product age
proxy, that therefore have been set as missing.13
However, the model of the relative age difference variable might mitigate both
types of problems to some extent. In the first case, the older products that were
included in the database between 2007 and 2009 will be of a higher average age
(our data stem almost entirely from the years 2011 to 2014), and thus the value of
the relative age difference variable calculated like the previous PAM variables will
be weighted down. As far as the second type of problem is concerned, the variable
retains its explanatory power as long as the delay between product introduction and
product registration is not so different among devices. It should also be mentioned
that we will include yearly dummies (2010–2014) in a number of specifications in
order to eliminate the possibility for the relative age variable (or the DSO variable)
to capture any underlying time-related macro effects.14
Finally, a centralization dummy has been formulated, because certain observations, regarding purchases made by more centralized public procurers, have been
included in our data set. They encompass agencies such as So.Re.Sa. the regional
procurement agent from the Campania region, the three institutional purchasing
unions from Tuscany, Estav Centro, Estav Nord Ovest and Estav Sud Est, or the
Federazione Sovrazonale Piemonte Sud Est, one of the six purchasing unions active
in the Piedmont region. However, these types of procurers account only for 276 out
of the 7612 observations, and thus a distinction between regional procurers and purchasing unions such as in Centro Studi Assobiomedica (2015b) has not been considered. Furthermore, since most other explanatory variables have missing values
if the purchasing entity is a unified procurer, the centralization dummy has had to
be dropped in the main OLS model and for the Bayesian network analysis. Nevertheless, we shall present some results using this variable, because preliminary OLS
regression results suggest that this centralization dummy has a very extensive and
significant negative effect on prices.
Before concluding this section, a few remarks on the quantity variable should
be added. The quantity of purchased products or the size of a specific lot in a
procurement procedure will very likely have a significant impact on prices and
probably be correlated with other explanatory variables, such as the level of
concentration, the type of hospital or its size. Therefore, excluding quantities
but including co-variants associated with the quantity variable might lead to an
endogeneity problem in the form of an omitted variable bias. However, we have
only 626 non-missing observations for our quantity variable and because most
of them only occur a single time per each medical device (both at the CBIM ID
level and the RDM level), we have a maximum of 95 comparable observations
13
Our proxy of innovation can be considered also at the ID level, to the extent that we can link every ID
to a given RDM.
14
Apart from these robustness tests, we shall generally disregard the time dimension in our analysis,
because we have treated data as a pooled cross section. There is no need to treat it as a panel data set
since data were sampled over a time span and do not follow specific procurers over the relatively short
period from 2010 to 2014.
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usable in a particular regression model, and if we include additional variables
that may have some missing features, this number reduces further. Even though
this single regression analysis confirms the expected negative effect on prices,
it should be interpreted with caution due to the low number of observations.
Because the quantity variable cannot be included in the main analysis, we have
checked the sample correlation with all the explanatory variables and the quantity variable to assess the impact of a possible omitted variable bias. As a matter
of fact, the correlation coefficient never exceeds an absolute value of 21% for the
AO dummy and is much lower in most cases. Such an analysis was not possible,
because of the low number of positive observations only for our centralization
variable, where we would expect the strongest connection. To sum up, although
not including the quantity variable might imply an omitted variable bias, it does
not seem to be extremely relevant as long as we do not include the procurement
centralization variable. Therefore, the latter has not been included in our main
analysis.

5 Summary statistics
In this section, we would like to provide an overview regarding the value distributions of the most important variables that have been previously introduced. First of
all, we will describe the distribution of the intra-group variation coefficients for the
prices paid. Figure 1 provides a distribution outline of these coefficients for four
different variable specifications. Figures 1a, b show the distribution of intra-group
CVs at the CBIM ID and the RDM level respectively, with at least two comparable observations as a minimum requirement. Figure 1c is equivalent to (a) but only
observations derived from market research have been included, i.e. prices offered
to the parties requesting the BPA service have been excluded. Figure 1d shows the
distribution of intragroup CVs at the RDM level for those devices with at least 10
comparable price examinations.
As already mentioned in the previous section, while some individual CV values,
especially for figures (a), (b) and (c) might not be particularly meaningful due to the
low number of observations per group, distributions, average values (solid lines),
and median values (dashed lines) certainly provide a clearer picture about the prevailing level of price dispersion in the medical device industry. Therefore, distributions are rather similar to average values ranging from 16 to 22.5%, and median values, ranging from 12.5 to 18%. Comparing figure (d) with the other figures, it seems
that the low number of intra-group observations for some of the values in the other
figures overestimates the price dispersion level. On the contrary, when including all
the RDM examinations, and not only the most frequently occurring ones, as in figure (b), the resulting price dispersion turns out to be lower on average. Interestingly,
this is also the case when we exclude the prices offered to the BPA requesting parties, and this may hint at a certain self-selection among health firms that are offered
outlying prices. In general, however, similarities among all four figures indicates
that a significant level of price dispersion exists in many medical device markets.
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Because our data are rather unevenly distributed as far as device types, producers, public procurers, and regions are concerned, it is also relevant to provide an
overview regarding the most frequent values for these variables, as shown in the
following tables.
It is important to take a closer look at the types of devices we are mostly dealing with. The upper part of Table 1 shows the 5 most frequent CND codes (the data
contain 173 unique CND codes) at the most precise level, whereas the part below
reports the same statistic for the more aggregated 5-digit CND level. As can be
noted, most of devices occurring frequently are products used by surgeons, especially for the treatment of cardio-circulatory diseases. Because only 6042 out of
our 7612 total observations include a CND code, displaying the relative number of
observations that these types of products represent is not absolutely precise, but it
could be said that the devices in the upper part of Table 1 cover at least 44% of
our observations, while the top 5 device types at the more aggregated level below
account for even more than 68% of our total examinations.
As far as future research is concerned, the large number of observations for certain device types also allows a more detailed analysis of specific markets. In addition, the concentration of our data on certain medical device markets implies focusing on those producers and suppliers15 that are specialized in these kinds of devices.
Similarly, our data are unevenly clustered around specific public procurers
accounting for a relevant quantity of our observations, as can be seen in Table 2,
which lists the 10 most present procurement agents. Out of the 125 distinct procurement agents in our data set, the 10 most recurrent ones represent more than 70% of
our observations, and the most regular purchaser, the Anonymised procurer ID101
from Sicily, is involved in nearly one-third of all observations. The reason is that this
AO, together with the Anonymised procurer ID103, corresponding to number 3 on
our list, are the two hospitals that repeatedly requested the BPA service from CBIM,
after having received their purchase price offers.
This data clustering to be taken into consideration when engaging in statistical
inference, as will be explained in more detail in the following section. The skewed
observation distribution among Italian hospitals naturally affects the results of the
other purchaser-related determinants, such as the region variable, which is illustrated
in Table 3, together with the frequencies of the associated macro-region. It can also
be noticed that the two most represented regions in our data set are Lombardy and
Sicily, as well as their associated macro-regions: North-West and Islands.
However, in the case of Sicily (and of its Islands macro-region, too), data stems
almost completely from the Anonymised procurer ID101 and are therefore not representative. Since this is also the case for regions such as Apulia and Marche, we have
limited our analysis on the impact of geographic provenance to building a dummy
equal to one if a medical device procurer is located in the extended regions of South
or Islands, which is the case in 3299 out of 7312 observations.

15

See “Appendix I” for further details.
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Table 1  Description of the most frequent CND codes at the most disaggregated and the most aggregated
5-digit level
CND code

CND description

Obs.

C010402020101

Vascular dilatation balloon catheters, PTA

1585

P0704020103

Drug eluting coronary artery stents, (DES)

623

C010401020101

Angioplasty catheters, baloon dilatation, coronary

498

P0704020201

Peripheral artery stents (BMS)

408

C0104020203

Embolization implants and systems

260

5-digit CND

Description

Obs.

C0104

Angiography and hemodynamic devices

3045

P0704

Vascular and cardiac endoprostheses

1649

C0402

Peripheral vascular guidewires

194

C0502

Cardiovascular introducing sheaths, valvulated

165

C0401

Coronary artery guidewires

Total CND obs.

160
6042

Before concluding this section, we are going to present an overview of the
remaining purchaser-related variables, i.e. the type of public procurer, the administrative staff percentage, the size as far as the number of beds is concerned, as well as
the DSO statistic in Table 4.16
Interesting insights can be drawn from this table. Firstly, our data set is heavily
skewed towards AOs, which represent around two-thirds of all observations. Secondly, AOs employ a significantly lower total of administrative staff and are much
smaller considering the number of beds, compared to IRCCSs or ASLs. Although
this might seem counterintuitive at first sight, it should be noted that while AOs generally consist of one or just a few specialised hospitals, an ASL generally includes
several local hospitals and other communal healthcare providers. In addition,
because of the distinction between AOs and IRCCSs/university polyclinics, the AO
variable may often capture those hospitals that are too large to be managed by an
ASL as a communal hospital, but too small or not important enough to serve as a
research and training hospital.17 Finally, given that the Anonymised procurer ID101
is rather small with its 400–800 beds, this might imply a partly biased distribution
related to our sample. However, not including this AO in our analysis, the average
bed number increases only up to 700–750, and thus, a large difference still persists.
As far as the DSO statistic is concerned, there does not seem to be an extremely
strong connection between the type of procurer and late payment. As expected,

16
We will omit summary statistics of the relative age difference variable since it is, centered around an
average of about zero with 99% of the values ranging from − 80% to + 80%, similarly to the price PAM
variables.
17
As a side note, we did not create distinct variables for these two hospital types because of the rather
low number of observations and due to the fact that IRCCSs and university AOs/polyclinics sometimes
seem to coincide.
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Table 2  Top 10 most present public procurers for medical devices in the data set
Name

Type

Obs.

Percent (%)

Cumul. (%)

Anonymised procurer ID101 (BPA)

AO

2353

30.91

30.91

Anonymised procurer ID102

IRCCS

473

6.21

37.13

Anonymised procurer ID103 (BPA)

AOU

466

6.12

43.25

Anonymised procurer ID104

AO

419

5.50

48.75

Anonymised procurer ID105

AO

390

5.12

53.88

Anonymised procurer ID106

AO

359

4.72

58.59

Anonymised procurer ID107

AO

351

4.61

63.20

Anonymised procurer ID108

IRCCS

296

3.89

67.09

Anonymised procurer ID109

AO

240

3.15

70.24

Anonymised procurer ID110

ASL

179

2.35

72.60

Total

7612

100

The company names have been anonymized (and replaced with an ID number) due to a non-publication
agreement with CBIM

Table 3  Observations
distribution in regions and
macro-regions

Region

Obs.

Macro-region

Obs.

Lombardy

2586

North-West

2828

Piedmont

168

North-East

439

Centre

746

South

800

Islands

2499

Liguria
Aosta Valley

71
3

Emilia-Romagna

319

Veneto

113

Friuli-Venezia Giulia

7

Marche

419

Lazio

127

Umbria

106

Tuscany

94

Apulia

512

Campania

277

Basilicata

10

Calabria
Sicily
Sardinia
Total obs.

1
2395
104
7312

7312

such a correlation exists when comparing the average DSO statistics referring to the
South and the Islands with the North and Centre ones, where the average is around
138 days, whereas it lingers at 354 days in the South/Islands.
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Table 4  Distribution of procurer types, average percentage of administrative personnel, average number
of beds, and average DSO statistic per type
Procurer type

Obs.

AOs

5106

7.04

648.98

238.01

IRCCSs/AOU/polyclinics

1376

10.86

1031.05

240.16

ASLs

801

11.69

1182.40

others (centralised)

286

others (not centralised)
Total

Avg. percentage of
admin staff (%)

Avg. number of beds

219.70
245.02

43
7612

Avg. DSO statistic

207.63
8.16

769.05

236.48

6 Econometric analysis
The following analysis is divided into two parts: the main OLS estimation, whose
results are provided in Table 5, and an additional OLS regression model, including
the centralization variable, provided in Table 6. Both models are simple linear equations encompassing the variables displayed in the respective tables.
Before interpreting the results inferred from Table 5, two comments need to be
made. Firstly, the list of specifications that we have provided is not exhaustive, and
it is backed by several additional qualifications furnishing similar results page 21,18
especially for those variables with significant effects throughout regressions (1) to
(7). Secondly, we have used clustered standard errors at the procurer level in our
analysis rendered by the Stata™ software. This procedure has proven to be sensible,
because our data are distributed among a limited number of device procurers, whose
unobserved institutional characteristics, such as the influence of physicians’ preferences on the final decision, may very well have an important impact on final prices.
If we do not account for these cluster effects, i.e. treating all observations as being
independent, the standard errors of our variables could be severely underestimated
and the null hypothesis would be too often rejected, especially at the cluster level,
such as administrative staff total or number of beds. It might be argued that our
data are not only clustered around procurement agents, but also around producers,
suppliers and medical device types. Two further remarks can, therefore, be added:
the specific product characteristics in general are cancelled by the way the dependent PAM variables are formulated, and consequently, unobserved factors related to
device types probably play a minor role in this analysis. In addition, every firm is
stimulated to engage in price discrimination to increase its profits. Thus, the impact
of unobserved producers or suppliers’ characteristics on the final price is likely to be
much smaller than the influence of these same characteristics related to the procuring health firm.

18

Estimations are available on request.
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Year 2011

Year 2010

Rel. product age

Intermediary

Admin. Staff (%)

No. of beds

Avg. DSO2011-14

BPA dummy

South/Islands

IRCCS dummy

ASL dummy

Variables

3.350

(6.968)

(6.933)

(14.99)

(14.01)

3.131

− 12.00

(0.0328)

(0.0350)

− 9.234

− 0.199***

(7.179)

(7.263)

− 0.210***

5.435

(1.032)

(1.025)

5.213

− 1.218

(0.00322)

(0.00307)

− 1.025

− 0.00243

− 0.00283

(0.00788)

(0.0124)

(6.646)

5.518

(4.997)

− 31.63***

(0.0992)

− 0.262**

(10.04)

− 2.110

(1.041)

− 0.861

(0.00435)

− 0.00956**

(0.0268)

0.0263

(6.832)

− 0.0421***

− 0.0304**

(5.117)

(5.344)
19.65***

(5.596)

(4.948)

5.681

(5.078)

− 3.765

(3.363)

9.099***

obs3_pam

(3)

9.495*

19.48***

(4.593)

(5.021)

11.12**

2.926

(3.558)

1.883

9.860***

(3.547)

obs2_pam

obs2_pam

10.63***

(2)

(1)

(6.599)

5.534

(5.463)

− 40.63***

(0.102)

− 0.248**

(9.926)

− 1.235

(1.063)

− 1.159

(0.00452)

− 0.0111**

(0.0316)

0.0329

(6.531)

15.04**

(4.869)

− 1.504

(3.551)

7.255**

obs3_pam

(4)

(10.36)

4.707

(14.71)

− 13.96

(0.0531)

− 0.308***

(6.571)

6.679

(1.242)

− 0.977

(0.00399)

− 0.00356

(0.0135)

− 0.0301**

(5.908)

12.73**

(6.238)

11.31*

(6.773)

− 0.443

(4.291)

12.41***

rdm_pam

(5)

(10.43)

5.059

(16.21)

− 17.55

(0.0527)

− 0.288***

(6.507)

7.001

(1.255)

− 1.231

(0.00423)

− 0.00303

(0.00901)

− 0.0458***

(6.863)

22.41***

(6.281)

0.941

(4.376)

11.34**

rdm_pam

(6)

(0.104)

− 0.432***

(9.312)

6.246

(2.535)

− 1.582

(0.00857)

− 0.00113

(0.0697)

− 0.00804

(17.46)

38.00**

(7.850)

− 0.588

(4.680)

19.61***

rdm10obs_pam

(7)

Table 5  Results for different specifications of an OLS estimation of several possible determinants for price dispersion on different percent-above-mean (PAM) price measurements. (Macro-regions models)
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0.248

***p < 0.01, **p < 0.05, *p < 0.1

Robust standard errors in parentheses, clustered at the procurer level

0.250

R-squared

4623

(7.061)

(7.262)

4623

8.823

(5.422)

5.901

10.08*

(5.843)

(4.138)

7.672

− 5.686

(4.175)

obs2_pam

obs2_pam

− 5.692

(2)

(1)

Observations

Constant

Year 2014

Year 2013

Variables

Table 5  (continued)

0.411

2367

(8.139)

5.878

(5.789)

8.316

(4.431)

− 7.444*

obs3_pam

(3)

0.406

2367

(8.488)

8.951

(5.793)

13.86**

(4.436)

− 7.444*

obs3_pam

(4)

0.245

4623

(9.226)

2.809

(6.821)

9.158

(4.252)

− 3.871

rdm_pam

(5)

0.242

4623

(9.089)

6.858

(6.600)

12.20*

(4.292)

− 4.041

rdm_pam

(6)

0.300

3502

(19.56)

− 1.232

rdm10obs_pam

(7)
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Table 6  Different OLS regression specifications including a dummy for centralized procurement
Variable

ASL
IRCCS
Central.
South/Isl.

(8)

(9)

(10)

(11)

(12)

(13)

obs2_pam

obs2_pam

obs3_pam

mrobs2

mrobs2

rdm_pam

_pam

rdm_pam

3.081

5.661

0.968

3.997

3.580

6.100

(2.858)

(3.521)

(4.138)

(2.783)

(4.398)

(4.273)

− 1.242

− 2.157

− 8.925*

− 4.606*

− 4.585

− 4.835

(5.050)

(4.375)

(4.829)

(2.334)

(4.495)

(4.634)

− 15.46**

− 26.48***

− 29.98***

− 6.886**

− 7.416**

− 30.90***

(6.021)

(5.816)

(4.151)

(2.616)

(3.384)

(6.333)

12.46***

27.08***

23.67***

4.411

4.796

30.43***

(3.187)

(4.786)

(6.226)

(2.911)

(4.143)

(5.549)

DSO
Rel. age
Constant

− 0.0177

0.0560*

0.0117

− 0.00204

− 0.0181

(0.0146)

(0.0300)

(0.0178)

(0.0310)

(0.0167)

− 0.188***

− 0.303***

− 0.278***

− 0.219***

− 0.269***

(0.0332)

(0.0852)

(0.0378)

(0.0570)

(0.0510)

− 4.544*

− 6.464*

− 15.74**

− 3.160

− 0.566

− 7.719*

(2.665)

(3.868)

(6.227)

(2.760)

(3.586)

(4.309)

Obs.

7273

5652

2908

2156

3165

5652

Prob. > F

0.000

0.000

0.000

0.000

0.000

0.000

R-squared

0.086

0.147

0.255

0.141

0.079

0.147

Robust standard errors in parentheses, clustered at the procurement agent level
***p < 0.01, **p < 0.05, *p < 0.1

We have used the South/Island dummy19 in Table 5 where seven different OLS
regression specifications are described by two different dependent variables. The
first two specifications apply the CBIM ID to define groups of comparable medical
devices and include all observations for groups with at least two devices. Although
only 4623 observations are involved in this estimation, we have to remark that
there are 7612 device observations meeting this criterion. Unfortunately, only 4623
of them have non-missing values for all explanatory variables that are part of the
regression equation.
The third and the fourth equation also make use of the CBIM ID as dependent
variable but encompasses only devices where at least 3 comparable observations are
present in the data set. Specification (5) and (6) in Table 5 employ all comparable
devices with at least two observations at the RDM level, i.e. at a slightly more aggregated level. Specification (1), (3) and (5) comprehend an additional dummy variable
denoting whether the observed device procurement agent is one of the two entities

19
In “Appendix II” we will present a model with regional organization type dummies, i.e. the integrated,
semi-integrated, separated and semi-separated one. We cannot use the regional organization type and
the south/island dummy in the same model given the high correlation among dummies (the correlation
between the semi-separated dummy and the southern one is 0.8).
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that have requested the BPA service from CBIM. This has been done to assess the
possible influence of the preliminary nature of prices offered to these firms.
Finally, in specification (7) we have employed only devices where at least 10
comparable observations are available at the RDM level, in order to check for possible biases arising from a low number of comparisons in the other specifications.
Specification (1)–(6) in Table 5 includes yearly dummies, mostly to eliminate the
chance for the relative age variable to capture effects related to the year the purchase
was made in.
As can be noticed, there are several variables that are highly significant throughout the different specifications. Starting from the top, the dummy indicating whether
the observed health firm is an ASL seems to have a relevant positive impact on the
prices paid compared to the baseline case of the procurement agent being an AO,
and it increases the PAM measure on average by 7.25 to 19.63% points, depending on the specification. On the other hand, IRCCSs or university AOs/Polyclinics apparently do not pay prices that are significantly different from those AOs are
charged.
Regarding the geographical location of the procurement agent, our general view
is that medical device purchasers located in the macro-regions South or Islands have
to pay notably higher prices, which are, on average, up to 38% higher than the corresponding intragroup mean. However, as shown in specification (1)–(3) and (5), these
results have to be qualified, since part of this effect may stem from the fact that both
our BPA service requesting entities are located in the South/Islands macro-regions.
Though the South/Islands dummy is still meaningful at a 10% level in specification (5), it is insignificant in (3). This does not totally invalidate our conclusion that
Southern hospitals have to pay higher prices, since these two health firms in fact
come from this part of Italy, but it should be kept in mind that the prices underlying
these results are partly of preliminary nature. Because they may have been renegotiated later, the effect of the BPA dummy shows at least that there have possibly
been several attempts of overpricing practices led against these firms. As far as the
reduced level of significance is concerned, it could also stem from an increase of
multicollinearity, when the BPA dummy is introduced in our analysis. In fact, the
variance inflation factor (VIF) of the South/Island dummy, a multicollinearity measurement (See Wooldridge 2009) in specification (1) augments from around 9–25,
when the BPA dummy is introduced (whose VIF measurement remains around 20).
This is a level, where a meaningful interpretation of the significance of these
coefficients might no longer be truly possible. Although multicollinearity does not
reduce the explanatory power of the model itself, it inflates the coefficient variances
and thus tends to make them insignificant. Besides the BPA dummy, it is mainly the
South/Islands one and the DSO variable, whose VIF measurements are sometimes
around or higher than the rule-of-thumb limit of about 10, which may need further
investigation. However, because the main risk we face is that we could underestimate the relevance of our coefficients, we shall abstain from detailed treatment of
multicollinearity problems due to space constraints. Furthermore, results derived
from specification (13) and (14) in Table 6 provide evidence that it is probably not
multicollinearity causing the South/Island dummy to be insignificant in the abovementioned cases.
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Turning to the consequences of late payments on prices, these effects seem to be
rather limited and, contrary to common intuition, negative. Moreover, the impact of
hospital size in terms of number of beds can be considered quite small and negative.
The outcome lacks robustness in relation to the different specifications provided
here, as well as to additional ones which haven’t been included in this paper, where
an interaction term between types and size of hospitals has been considered. Also,
the impact of administrative personnel seems to be negligible and the dummy variable concerning whether an independent intermediary is part of the supply chain does
not result to be much larger than zero.
Finally, and a bit surprisingly—given the approximate nature of the variable construction—the variable indicating if and how much older a product is compared to
the other devices in the matching group, is highly significant for all five specifications, regardless of whether additional year-of-observation dummies are included
or not. The coefficient value ranges from − 0.176 to − 0.432, which implies that on
average, the resulting final price will be around 1.7 to 4.3% points below the intragroup mean if a device has been included in the RDM inventory 10% longer than the
average in the matching group. This outcome is in line with our informal analysis
in Sect. 2, where we suspected that devices representing a recent innovation will be
more expensive than older products due to cost and non-cost related factors.
As a final comment to Table 5, we might mention that the significant and apparently powerful effect of the Year 2010 dummy in specifications (3) and (4) should
not be overestimated. It is based on only 57 positive observations with nearly half
of them from a single procurement agent and could, therefore, simply represent an
anomaly in data distribution.
In Appendix II, we’ll present another set of regressions based on the hypothesis
of a regional organization model. On the basis of what discussed in Appendix II, we
believe that our specification with regional models replicates, to some extent, the
previous results obtained using the South/Islands dummy, where we have found evidence of higher prices in this macro-region with respect to the Northern one.
Because of the important policy implications derived from the effect of centralized procurement on final prices, we have included this variable in our analysis, as shown in Table 6. The (seemingly insignificant) variables percentage of
administrative staff, number of beds, and intermediaries have had to be dropped
due to a lack of values. In addition to the dummy representing whether procurement is centralized or not, we have used this opportunity to include additional
specifications of the PAM variables in our analysis.20 The dependent variable in
(8) and (9) compares devices with at least two observations at the ID level, while
in specification (10) at least three comparable observations must be in the data set
to be part of the regression. Specifications (11) and (12) show the results obtained
from employing only data that were gathered during market research activity, i.e.
excluding the preliminary prices of the BPA requesting entities, with (11) at the

20
For this analysis, we have dropped all observations with procurers being of the other type (not centralized) as specified in Table 4 in the previous subsection.
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ID level and (12) at the RDM one. Finally, (13) includes all observations with at
least two comparable devices at the RDM level.
Four interesting insights can be drawn from Table 6. First, because it is insignificant for all 6 specifications, it seems that the coefficient of the ASL dummy
variable is unfortunately less robust than the results in Table 5 suggest. Second, medical devices purchased by a centralized procurement agent are notably
cheaper, on average, than those bought by AOs with an average PAM impact
ranging from − 6 to − 30% points. It should be noted, however, that these effects
might not be purely partial ones but could include unobserved effects related to
quantity and lot size, as has been already explained. Third, the coefficient of the
variable expressing Southern or Island location is still significantly positive in
most cases, except for those specifications, where data from two BPA requesting
entities are excluded, thus replicating the results for specifications (1) (3) and (5)
in Table 5.
Fourth, and again surprisingly, the variable denoting product age seems to be
notable and negative, although the effect results somewhat smaller, ranging from
an average of 1.8 to 3% point reduction in the corresponding PAM measurement
for a product that is 10% older than the group average.
In conclusion, we can say that our empirical results are mostly in line with the
theoretical ones. The most robust ones could be that prices decrease with product
ageing, and that the amount of money paid by centralized procurement agencies
is lower than what other types of procurement agents spend. It may also be stated
that procurement agents located in the South and Islands spend more than in the
other regions, although part of this effect may stem from the preliminary nature
of part of the price data derived from these regions. Finally, as long as the centralized procurement agencies dummy is excluded from our analysis, ASLs seem
to pay higher prices than AOs. All other variables, such as the DSO statistics, the
number of beds or the percentage of administrative personnel, apparently do not
have a relevant impact on the final prices. It looks like only the variable approximating innovation might impact on prices, as it affects costs (at least partially).
The other meaningful variables (procurement agent type and region), on the other
hand, could reflect characteristics that are more related to price sensitivity of the
purchaser or to the level of competition in the procurement procedures (a topic
that would deserve a dedicated analysis).

7 Bayesian network analysis
In order to gather additional insights about the causes of price dispersion in the
medical device industry, we propose a second type of empirical analysis, aimed at
formulating a Bayesian network from the data. As Bayesian networks have been
introduced only quite recently in applied economics, we shall provide an overview of this kind of analysis to understand how these networks work, and how
their parameters and structures can be derived from the data.
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7.1 Introduction to Bayesian networks
In general, Bayesian networks are probabilistic graphical models that explain relationships among random variables by using conditional independence statements.
The probabilistic model we refer to belongs to Bayesian statistics. However, for our
application of Bayesian networks, we do not need to confine ourselves to either a
frequentist or a Bayesian interpretation of probabilities, since the name stems mostly
from the information propagation algorithm inside the networks, which is based on
the mathematical properties of the Bayes’ theorem.
Bayesian networks are built on graph theoretic principles, which will be explained
in more detail hereinafter. The more relevant notion in this context is represented by
conditional independence, which plays a crucial role in the construction and interpretation of Bayesian networks. Direct dependence assumes that a change in the
state of variable X will directly, lead to a change in variable Y, i.e. without any intermediary variable Z. Indirect dependence, instead implies that a change of variable
X is transmitted to variable Y through a modification in the intermediary variable Z.
If Z were kept fixed, Y would remain unaffected by the change in X, provided there
are no other direct or indirect dependencies between the two variables. Probabilistic
graphical models try to describe these dependencies by including conditional independence statements based on a graph theory.
In a graph theory, a graph G is an abstract mathematical object that consists of a
set of vertices (or nodes) V and a set of edges E, i.e. G = (V, E). The edges connect
the vertices so that E ⊆ [V]2. Edges can be directed (in one direction or bi-directed)
or undirected, whereby a directed edge is also called an arc. A graph with only
directed edges or arcs is a directed graph; a graph where all edges are undirected is
an undirected one, whereas graphs with both kinds of edges are called mixed ones
(See Fig. 2 for simple examples of the two former types). Since Bayesian networks
are defined as directed acyclic graphs (DAG), we shall concentrate on the properties
of the directed ones.
In this kind of analysis, genealogical terms are often used to describe the relationships among variables. For example, a variable A with an arc to variable B is called a
parent of B, and conversely, B is A’s child. In general, if two variables are connected
by a directed path, as e.g. A and F in Fig. 2(a), i.e. one or multiple arcs going in the
same direction, we call A an ancestor of F and F a descendant of A. Variables such
as C or E, on the other hand, belong to the set of non-descendant variables of A.
When elaborating a statistical model with random variables, in order to be able to
make inferences it would essentially suffice to calculate the joint probability distributions of the variables. The problem which arises when assembling joint probability tables is that they become intractably large very quickly. We can partly solve this
problem with a Bayesian Network, by introducing conditional independence statements and thereby reducing the number of joint probabilities which we’ll need to
calculate. When some properties hold, it is possible to define Bayesian Networks as
in Pourret et al. (2008).
Definition (Bayesian Network) Let us consider n random variables X1, X2, …, Xn, a
directed acyclic graph with n numbered nodes, and suppose node j (1 ≤ j ≤ n) of the
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graph is associated to the Xj variable. Then the graph is a Bayesian network, representing the variables X1, X2, …, Xn, if:

P(X1, X2, … , Xn) =

n
∏
j=1

P(Xj|parents(Xj))

(1)

where, parents (Xj) denotes the set of all variables Xi, such that there is an arc from
node i to node j in the graph.
Equation (1) is called the chain rule for Bayesian networks and follows from
the general chain rule that holds for any probability distribution:
P(X1, … , Xn) = P(Xn|X1, … , Xn − 1)P(Xn − 1|X1, … , Xn − 2) … P(X2|X1)P(X1)
(2)
By including the conditional independence statements that can be inferred
from the Bayesian Network graph, we can reach (1). For this rule to hold, the
graph needs to be directed and acyclic, i.e. it contains no feedback loops such as
A → B → C → A.
Furthermore, to apply the chain rule to Bayesian networks, the dependencies in
the graph should represent real-world causal relationships, with the strength of the
causal links represented by conditional probabilities (see Nielsen and Jensen 2009),
in order to reveal the true joint probability distribution of the real-world problem
which is being modelled. As to causality, for application purposes it is enough to say
that we assume variable X to be a cause of variable Y if, changing the value of X can
lead to a change in the value Y (see Neapolitan 2004), ceteris paribus.
Since the goal of our research is to acquire probability estimates from our data
as relative frequencies, having more probabilities to specify implies not as robust
estimates, given the size of the data set. We will, therefore, definitely have to discretize our continuous variables and face a tradeoff between analytical/economic
precision and statistical robustness of our estimates.

7.2 Parameter learning
Suppose we have specified the DAG structure of a Bayesian Network, i.e. we have
identified certain conditional independence statements, but we know nothing
about the strength of the relationships among the variables. In other words, we
have to search for the parameters or conditional probabilities of our model. One
way to obtain these parameters would be to turn to an expert, whose subjective
belief about probabilities may be quite reasonable due to his knowledge and experience. Another option could be to learn the parameters as relative frequencies
from a data set with many different configurations of the variables in question.
If we have a complete data set, i.e. no values in our data are missing, as well as
a high number of observations, a rather straightforward technique to acquire the
parameter estimates would be to use the maximum likelihood estimation (MLE).
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Fig. 2  Examples of a directed a
and of an undirected b graph

7.3 Learning the network structure
Up to now, we have been in the comfortable position of having already specified
a complete Bayesian Network structure, and our only task has been to attain the
conditional probabilities in order to assess the strength between the causal links connecting our variables. We should also consider the situation where we only have
a (possibly large) data set at our disposal. In this case, what we need is to set up
the skeleton of a graph, i.e. the undirected structure of the Bayesian Network (See
Fig. 2b), learn the causal direction of the links among variables and evaluate their
strength: i.e. learn the parameters. In general, when trying to derive a Bayesian Network structure from a data set, we face three problems:
1. The number of possible structures grows extremely fast when additional variables
are included. For example, there are 543 different networks for just 4 variables.
2. There will always be several structures that can fit the data equally well.
3. Furthermore, the structure we have discovered may be overfitting the data from
the sample, instead of representing the “true” underlying Bayesian Network which
is assumed to have generated these data. However, this problem is more critical
for relatively small data sets.
The methods and algorithms that have been developed to deal with these problems can be divided into methods of constraint-based learning and in score-based
learning ones. We are going to choose the latter. When using score-based learning
methods, we assign a score to each possible Bayesian Network (including the DAG
and the conditional probabilities) that can capture the accuracy of the model, as well
as its complexity. Accuracy affects positively the score function, whereas adding
complexity, measured in the number of parameters to specify, is penalizing because
it affects the score function negatively (assuming we maximize the score function,
on the contrary if it is minimized, the signs will reverse).21 Obviously, since the
21
Penalizing complexity is crucial, because a complete network structure, i.e. where every node is connected to every other node, will naturally always be the most accurate, given the data, when assigning the
right parameters. As already mentioned above, a complete graph does not have any additional explanatory power if compared to the intractably large joint probability distribution among all our variables.
When the parameters of a complete model are learnt from the data, we will probably encounter the prob-
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number of different networks is extremely large, we will not be able to calculate
a score for each possible network configuration, including its parameters, usually
computed using MLE. This problem has stimulated different search methods aimed
to reduce the number of relevant networks to be ranked according to the score-based
learning method.22
7.4 Bayesian network analysis
We are now going to apply the Bayesian network framework to our case and learn a
preliminary network from our data, one possible result being illustrated in Fig. 3. This
figure has been obtained from our data using a score-based method (called “Bayesian
Learning” by the GeNie software) after all variables have been discretized. While the
score function that is used penalizes complexity, without further restrictions on the
search space, the resulting graph is an almost complete one, i.e. nearly every node
is directly connected to all the others. This is probably the case because of rather
strong dependencies among the variables in our data set. Since such a graph does not
provide much additional insight into the relationships underlying our data, we have
limited the search space to networks with maximum two parent variables per node,
and we have included additional logical constraints on the directions of some arcs.
As far as discretization is concerned, we have used the standard PAM measurement at the CBIM ID level (as, e.g., in specification (1) in Table 7) to create a
dummy variable denoting overpricing, whenever the PAM measurement is greater
than zero. The same procedure has been carried out for the variable representing
the relative age difference of a device in its comparison group, where we have conceived a dummy variable indicating whether a device is older than the intragroup
average or not. While discretization for these two variables is straightforward, the
categorization of Average DSO, Percentage of administrative personnel and Number
of beds could have been performed in many different ways. We have decided to limit
our categorization to two values per variable for two reasons (with thresholds that
may seem somewhat arbitrary at first glance). Firstly, as has already been explained,
reducing the number of values the variables can represent means that fewer conditional probabilities have to be specified, and therefore, the maximum likelihood
estimates are more robust, given a limited number of data.
Secondly, since our data are heavily clustered around certain procurement
agents, a more refined categorization of these hospital-level variables would
imply that some values might be almost completely determined by observations
derived from just one health firm. As it is likely that there should be unobserved
hospital variables correlated with many of the observed ones, such a categorization might strongly bias our conditional probability estimates. Thus, we have used
two values with thresholds designed so that no value originates from observations
limited to just a few medical devices.
Footnote 21 (continued)
lem of overfitting, since the resulting model will exactly represent the sample but possibly not the underlying data generating the network.
22
For a complete overview of Bayesian network analysis, see Nielsen and Jensen (2009).
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Fig. 3  A Bayesian network set up from our data with an overpricing dummy at the CBIM ID level as target variable. The bars associated to each node show the marginal probability distribution of the variable,
while the thickness of the arcs shows the average strength of the correlation among the variables

In conclusion we have used only 4623 observations to learn the network from
the data, because we have dropped all data rows with missing values. While the
parameters in Fig. 3 at the moment, only represent the relative frequencies in the
data, the average strength of the relationships, highlighted by the thickness of the
arcs, already provides some interesting insights. As can be noticed, there seem to
be stronger correlations among] the nodes employed as explanatory variables in
the OLS analysis than between these same variables and the overpricing measurement. In particular, the node expressing whether a procurement agent is from the
South or the Islands has a very close relationship with most of the other variables. This is in line with what has been said in Sect. 2 about the regional variables
which may possibly capture a certain quantity of effects conditioning or at least
related to the outcomes of nearly all of the other observed variables. One of the
biggest advantages of using Bayesian networks is the fact that we can easily set a
variable at a certain level and see how it extends all across the network, i.e. how it
influences the marginal probability distribution of the other variables. Examples
of such evidence propagation are shown in Fig. 4, where we keep the overpricing dummy fixed on Yes in the first panel (a), to see which marginal probability
distributions change the most. The resulting values do not report a particularly
strong effect, and it is necessary to compare the marginal probabilities with those
in Fig. 3 closely to notice the changes.
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Fig. 4  Examples of evidence propagation across our Bayesian network

As expected, if we know that a medical device has been overpriced, it is more
likely for the procurement agent to be located in the South or on the Islands (50% vs.
41%). There are also more chances that the device has been sold through an intermediary, that the average DSO statistic is above 120 days, that the percentage of
administrative staff is below 9% and surprisingly, that the device in question is older
than the average of the comparison group. While this might seem counterintuitive,
especially when considering the robust negative effects of product age on prices,
obtained from the OLS estimation, the result becomes clearer when looking at panel
(b) in Fig. 4. As can be seen, when we include additional evidence of a device being
older than the average, the probability that the procurement agent is located in the
South/Islands increases significantly (to 84%), as well as the correlated DSO and
intermediary variables.23

23
The relevant positive correlation between the South/Islands dummy and the product age is probably
not representative of the underlying real-world purchasing processes, but it is grounded in the way data
have been sampled. Since the BPA requesting parties, which are both from the South, represent a large
part of the more recent data derived from the years 2013 and 2014, the products they buy are naturally
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Thus, we can say that the total effect of product age on prices seems to be positive, given our data, because, as shown in panel (c), buying older products is apparently highly correlated with procurement agents located in the South/Islands, having
a higher DSO statistic and buying through an intermediary. Increase in the prices
paid then follows.24 Furthermore, if we keep the South/Island dummy and the overpricing one fixed (a non-listed case in Fig. 4), the results from the network seem to
replicate those of the OLS estimations in Sect. 4, where the partial effect of product
age on prices is negative.
Finally, panel (d) shows how the marginal probability distributions of the variables change when we limit our analysis to ASLs as procurement agents. It can
be noticed that the probability of overpricing decreases in contrast with the OLS
results. However, when taking a closer look at the other variables, we can deduce
once more that this might stem from the higher probability for ASLs to be located
in the Centre or the North of Italy in our data set. In conclusion, we believe that an
analysis based solely on learning a Bayesian network from data that are rather interdependent, clustered, and possibly obscured by hidden variables, would not be sufficient to answer our research questions. However, including Bayesian networks has
been a very useful addition to our econometric analysis, especially since it uncovers
data dependencies that were not obvious from the results of the OLS estimation on
our PAM measurements.
In addition, it is rather interesting from an economic point of view to notice
that procurement agents from the South/Islands are much more likely to purchase
devices from independent intermediaries instead of buying directly from manufacturers. Actually, this issue deserves further specific research, but a preliminary
analysis has shown that the number of producers of medical devices in the Southern
regions and on the Islands is negligible, while most firms operate as wholesalers.25
Anecdotal evidence shows that producers located in Northern and Central Italy have
dropped the idea of owning or controlling a distribution network in Southern Italy.
Moreover, Southern wholesalers seem to exert a kind of market power at a local
level, carried out not only towards healthcare providers but also towards manufactures from Northern and Central Italy.
Therefore, the higher prices for medical devices sold in Southern Italy may derive
from the structure of the vertical supply chain, which implies double marginalization—due to the separation between manufacturers and wholesalers with market
power—and excessive prices. A question remains unanswered as far as the causes

Footnote 23 (continued)
older than the ones of the public procurement agents they are compared with using market research on
procurement procedures carried out in the past.
24
To test this result, we have set up a dummy variable to indicate when a device has been sold by an
intermediary in the South/Islands area; this variable is always positive and highly consistent (p < 0.05)
for all model specification with a coefficient value ranging from 16.72 to 34.28 per cent on PAM measurement.
25
By collecting data both from the National Firms Register (“Registro delle Imprese”) and the Orbis
data base, we have observed that in the Southern and Islands regions the share of producers amounts to
2%, while the wholesalers’ is 91%; the residual share of 7% accounts for integrated firms.
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of wholesalers’ market power is concerned on local Southern markets and producers giving up the opportunity of keeping up their own distribution networks in these
regions. Concerning the first question, evidence provided by CBIM suggests that
distribution contracts between manufacturers and Southern wholesalers are characterized by exclusivity clauses at a regional level. Such a vertical restraint (also
known as “exclusive territories” in Motta 2004), may therefore, restrict competition
at a local level especially in case of more sophisticated medical devices. Without
competition, the purchase of these medical devices is carried out overcoming tendering procedures and simply resorting to an exclusive regional seller. As to the producers’ surrender to Southern wholesalers, the causes may be strictly related to the
social and economic characteristics of local markets in Southern Italy, we therefore
suspect that economic research is not enough to examine this phenomenon in depth.

8 Conclusion
We have carried out two types of empirical analysis to identify the observable factors that influence price dispersion in the Italian medical device industry, in order to
verify to what extent this dispersion depends on price discrimination strategies. In
a first phase, we found that such a dispersion exists and is substantial, with average
price coefficients of variation ranging from 12 to 22% for identical medical devices.
Then using multiple OLS model specifications, we have identified four significant
variables that seem to affect the final price that public procurement agents have to
pay. The ones from the South and the Islands pay significantly higher prices than
those located in Northern or Central Italy. Even when we try to examine different
types of regional organization models of healthcare provision, we still find that
models adopted mainly in Southern regions lead to higher prices with respect to
the ones present in Northern Italy. While this finding could be consistent with geographical price discrimination, an alternative cause of price dispersion arises from a
Bayesian Network Analysis. Exploring the propagation mechanism inherent to these
networks, this analysis has uncovered other dependencies that did not result from
our econometric investigation. We have discovered that the probability for a public procurement agent to purchase from an independent medical device wholesaler
is much higher for buyers located in the macro-regions South or Islands than for
those established in Northern or Central Italy. Therefore, geographical price differences could be motivated by double marginalization, especially if wholesalers in the
South are expected to benefit from market power at a local level, due to exclusivity clauses concerning distribution. Local intermediaries can exert a lot of influence
in Southern regions, where the share of producers is negligible, and Northern and
Central manufacturers are generally not present with their own distribution network.
However, a more detailed analysis of the market for medical devices in the Southern regions would be necessary to examine this phenomenon in depth. Moreover,
our Bayesian Network analysis also suggest that the probability of purchasing older
medical devices (at a higher price) in Southern Italy is significantly greater than in
other parts of the country.
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In the case of single hospital purchasing, we have noticed that ASLs seem to
incur higher costs than AOs in the acquisition of medical devices page 35.26 One
possible reason for this difference may be that single AOs purchase larger quantities of medical devices than ASLs, and therefore, they can obtain discounts. When
including observations from centralized purchasing agencies, the results indicate
that these bodies pay significantly lower prices than single purchasers. Thus, second degree price discrimination could be invoked to explain important price differences between AOs, ASLs, and Central Purchasing Agencies. Finally, the variable
approximating product age has a very robust negative impact on prices, implying
that medical devices are more expensive when they represent recent innovations and
become less expensive over time. In this latter case, higher prices may be due to the
supplier’s costs for innovation, so they could not necessarily imply price discrimination but rather vertical product differentiation, with higher quality products selling at
higher prices.
Late payments are also frequently mentioned by sellers as a cause for significant
price differences. However, the results of this research are not sufficiently robust to
confirm that higher prices actually depend on late payments, and that price discrimination may ensue from this variable. However, there are certain limitations in this
analysis of ours that will need further research. First of all, the decisive quantity
variable has too many missing values to be included in this study. In particular, the
effect of the centralization variable could largely be associated to higher average
quantities. Then it would also be interesting to see whether it is purchase centralization itself or a larger contract scale that leads to lower final prices.
As far as the variable models are concerned, there might be some further to be
performed. As already mentioned, it would be interesting to see if a DSO variable
structure including a 2-year average of the statistic before the purchase was made,
would yield more significant results. Also, the centralization variable could be
refined, and separate variables for regional procurement agencies and purchasing
unions could be conceived. However, this goal can only be achieved if additional
observations from centralized procurement agencies are added to our data. In addition, a better proxy for physicians’ preferences could be elaborated, possibly yielding significant results.
If the Bayesian network analysis were expanded, it would be important to deal
with the clusters in our data. Furthermore, the high prevalence of certain hospitals
might lead to overestimation of the dependencies among certain variables. It might
also be interesting to include further prior beliefs in this analysis, such as, e.g. the
results of the OLS estimations. Finally, a complete data set, as the one in the hands
of the Italian Ministry of Health, would allow to improve the results of an empirical analysis like ours, especially if more information were available about additional
suppliers and quantities, beyond medical devices prices.

26

Of course, the distinction between AOs and ASLs as purchasers is relevant only for those regions
where this distinction is valid (like, e.g. Lombardy, Sicily, and Lazio). In others purchase is centralized
by ASL, and of course, no difference arises.
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Table 7  Top 10 most frequently
occurring producers and final
suppliers in the dataset

Producer name

Obs.

Supplier name

Anonymized firm ID001

1492

Anonymized firm ID001

989

Anonymized firm ID002

1312

Anonymized firm ID003

822

Anonymized firm ID003

1236

Anonymized firm ID002

714

Anonymized firm ID004

378

Anonymized firm ID011

479

Anonymized firm ID005

372

Anonymized firm ID012

322

Anonymized firm ID006

321

Anonymized firm ID010

290

Anonymized firm ID007

163

Anonymized firm ID013

255

Anonymized firm ID008

140

Anonymized firm ID014

219

Anonymized firm ID009

126

Anonymized firm ID015

207

Anonymized firm ID010

126

Anonymized firm ID007

Total obs.

6787

Total obs.

Obs.

163
5651

The company names have been anonymized (and replaced with an
ID number) due to a non-publication agreement with CBIM

Appendix I
Table 7 shows the top 10 of most frequently occurring producers and suppliers
in our data set. As can be seen, the three prevalent firms lead both categories in
terms of frequency although the gap is much smaller for the final suppliers.

Appendix II: The regional organization model
Table 8 shows four different OLS regression specifications using three different
dependent variables. The first specification uses the CBIM ID to define groups
of comparable medical devices and includes all observations with at least two
devices per group. The second equation also uses the CBIM ID as dependent
variable but includes only devices with at least 3 comparable observations. The
third comprehends yearly dummies. The fourth specification uses all comparable
devices with at least two observations at the RDM level, this is a slightly more
aggregated product specification. As can be checked, the three different Regional
organization dummies in this specification have a negative impact on prices compared to the baseline case: the semi-separated model. In more detail, the separate
organization model performs better, with an average reduction of PAM measure ranging from − 34.02 to − 21.93. The other two regional models also predict
a significant and negative effect on prices ranging from an average of − 30.40
to − 18.88 for the integrated regional model, and from − 34.24 to − 15.04 for the
semi-integrated one. When interpreting these results, we have to consider that the
observations for the separated model are collected in Lombardy (the only region
characterized by this model), accounting for 2586 out of 4017 observations collected in the North/Centre area. In the semi-separated model, Sicily and Campania also represent almost all of our observations (2672 out of 2806). These
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Table 8  Results of different specifications of an OLS estimation for several possible determinants of
price dispersion on different percentage-above-mean (PAM) price measures (regional organization models)
Variables
ASL dummy
IRCCS dummy
Integrated
Semi-integrated
Separated
Avg. DSO 2011–2014
No. of beds
Admin staff (%)
Intermediary
Rel. product age

(1)

(2)

(3)

(4)

obs2_pam

obs3_pam

obs3_pam

rdm_pam

9.454*

9.266

6.895

7.614

(5.091)

(5.748)

(4.677)

(6.680)

7.542**

3.287

1.668

4.491

(3.684)

(5.241)

(5.269)

(5.622)

− 28.68***

− 30.40***

− 20.83**

− 18.88***

(5.924)

(10.18)

(8.305)

(6.110)

− 29.50***

− 34.24***

− 20.02**

− 15.04**

(5.321)

(11.18)

(9.314)

(6.635)

− 32.71***

− 34.02*

− 22.15

− 21.93**

(8.392)

(17.50)

(13.76)

(9.848)

− 0.0355***

0.0460

0.0353

− 0.0416***

(0.0111)

(0.0518)

(0.0408)

(0.0109)

0.000121

− 0.00534

− 0.0105**

− 0.00622

(0.00301)

(0.00462)

(0.00484)

(0.00419)

− 0.951

− 1.249

− 0.684

− 0.290

(1.041)

(1.169)

(1.098)

(1.167)

5.169

− 2.622

− 1.862

7.466

(7.675)

(10.92)

(10.12)

(6.559)

− 0.195***

− 0.320***

− 0.246**

− 0.255***

(0.0456)

(0.0823)

(0.102)

(0.0611)

− 36.33***

− 8.969

(8.531)

(13.34)

6.018

4.798

(6.514)

(11.28)

− 6.499

− 3.023

(4.309)

(4.217)

10.05

14.87**

(6.879)

(6.026)

Year 2010
Year 2011
Year 2013
Year 2014
Constant

33.22***

33.68**

25.25*

20.94**

(6.899)

(16.28)

(14.35)

(8.571)

Observations

4623

2367

2367

4623

R-squared

0.228

0.387

0.407

0.233

Robust standard errors in parentheses
***p < 0.01, **p < 0.05, *p < 0.1

two Regions express 2672 out of 3299 collected in the South/Islands area. For
these reasons we believe that the specification with regional models replicates,
to some extent, the previous results obtained using the South/Islands dummy
(Table 6), where we have found evidence about higher prices in the South/Islands

13

Author's personal copy
Economia Politica

macro-region compared to the Northern one. It is also interesting to point out that
this same argument is valid for the comparison between the baseline model and
the integrated and the semi-integrated ones. Because both models perform better
compared with the baseline one and still the observations for these two models
come mainly from regions located in Central and Northern Italy. The coefficients
obtained from control variables in Table 8 confirm the result shown in Table 6.
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