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ABSTRACT

and Francesco Moscone€

Motivated by reasons such as patients’ needs, lack of resources, technologies or skills, and quality, hospital managers may
engage in cooperative behaviours. We study the determinants of patients’ transfers, a specific form of cooperation, and
quantify its association with the quality delivered by the origin and destination hospital. Using Italian administrative data,
we handle the network structure embedded in the data by adopting an over-dispersed Poisson mixed model. The results
show a positive relationship between hospital cooperation and quality. The introduction of transferal protocols that
exploit information on hospital quality may further improve the overall quality of the healthcare sector.
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INTRODUCTION

In recent years, several central and local governments in
Western countries such as the UK and Italy have
implemented pro-competition reforms in their healthcare
sectors with the view that, as predicted by the economic
theory, more competition amongst hospitals, when prices
are regulated, would lead to improvements in the quality of
healthcare services, ultimately having a positive impact on
the health outcomes of the population. While there has
been a wide and alive debate among health economists
on the effects of competition on hospital quality (Berta
et al., 2016; Choné, 2017; Colla et al., 2016; Gaynor,
2006; Gaynor et al., 2017; Mascia et al., 2017; Mukamel
et al., 2002; Propper et al., 2004), more research is needed
to evaluate the relationship between cooperative beha-
viours among healthcare providers and health outcomes.
If such cooperation is found to exist and is negatively
related to quality, then it would imply that policymakers
should put more effort into implementing mechanisms
of information diffusion, for example, by making guide-
lines and comparative information on hospitals quality
available to hospital managers. On the other hand, in
the case of a positive relationship between cooperation

and hospital quality, that is, hospital cooperation associ-
ated with better quality on average, then policymakers
would be called to intervene in reducing potential geo-
graphical inequalities.

Why should economic agents cooperate? Economists
have addressed this question with game theory, starting
with the example of the prisoner dilemma to more com-
plex dynamic games that find their applications in differ-
ent areas of applied economics such as trade. Similarly,
in the healthcare sector, doctors, economic actors such as
nurses, or managers may decide, under certain rules, strat-
egies and payoffs, to cooperate rather than to act indepen-
dently. Managers from different hospitals, who are
motivated by reasons such as patients’ needs, asymmetry
in clinical resources, lack of technology, expertise or
supplies, may decide to cooperate with the aim of improv-
ing the efficiency and health outcomes of their respective
organizations (Bosk et al., 2011; Gittell & Weiss, 2004;
Mascia et al., 2012). Such cooperation can take various
forms, ranging from merging facilities to clinical network
information-sharing, joint treatment or joint diagnostic
centres, new shared assets and joint construction of new
facilities. Informal cooperation between healthcare provi-
ders may also take place. This occurs, for example, when
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we observe the existence of a network between pro-
fessionals, healthcare providers or the management boards
of different hospitals (Westra et al., 2017). For example,
physicians from any two hospitals may collaborate when
treating a patient, thus creating correlations in health indi-
cators across hospitals (Westra et al., 2016). However,
these networks tend to be predominant within rather
than between hospitals (Barnett et al., 2011; Landon
et al., 2012; Pollack et al., 2012).

In this paper, we study the network that is generated
among healthcare providers when a patient is transferred
between any two hospitals. While the decision to transfer
a patient is usually driven by the availability of specialized
care in the hospital of origin and destination, the choice of
the destination hospital may be driven, among other
things, by its geographical proximity, demand—supply fac-
tors of the hospital of origin and destination, as well as the
quality of the hospital of destination relative to that of the
hospital of origin (Lomi et al., 2014; Mascia et al., 2017;
Pallotti & Lomi, 2011). As regards the latter, this is coher-
ent with the fact that managers typically have some,
although not full, information on hospital quality across
the territory (see the description of the empirical setting
for further details). However, partial asymmetric infor-
mation between the local/central governments and the
hospital managers may induce practitioners to make
their choice of transfers based, at least in part, on measures
of perceived relative quality (Berta et al., 2016). If the rela-
tive perceived quality is reflecting the true quality, we
should expect that cooperation will improve overall health
outcomes of both hospital of origin and destination. On
the other hand, if the relative perceived quality is nega-
tively associated with the relative true quality, cooperation
may even harm patients in both hospitals. Therefore, pol-
icymakers have a strong interest in understanding the dri-
vers underlying these cooperation networks in order to be
able to design effective policy interventions, as well as to
identify healthcare provider links that may actually
improve the health outcome of the transferred patient.

The fact that patient transfer flows can be influenced
by hospital quality, since the decision of the referring hos-
pital may be based, among other things, on the relative
quality of the destination hospital, creates endogeneity
when studying the association between cooperation
(patient transfers) and health outcomes. For this reason,
in this paper we first identify the determinants of patient
flows, including hospital quality, and then study the
association between cooperation (patient transfer) and
hospital quality (combined between the hospital of origin
and of destination) by using a proxy of cooperation, which
excludes hospital quality and all the variables possibly cor-
related with it.

In our paper we make use of network data in two ways:
in the first model, we predict patient transfers from other
covariates, while in the second model we predict combined
hospital quality of origin and destination hospitals from
the other covariates. In both cases, the data are count
data characterized by inherent dependencies, such as
observations associated with the same node or to the

same link of the network. Following the literature on
social relations models (Hoff, 2005; Warner et al.,
1979), we account for these dependencies by adopting an
over-dispersed Poisson mixed model. The model is a
more general formulation of the gravity model which is
traditionally used in the context of international trade
studies (Koskinen & Lomi, 2013; Westveld & Hoff,
2011). One contribution of this paper is to show how
the proposed models could be suitable when handling net-
work data in health economics and health research in
general.

For the analyses in this paper, we use data on hospital
discharges for over 900,000 patients admitted to 145 hos-
pitals in the Lombardy region of Italy in 2014. Among
these patients, around 15,500 (1.7%) were transferred to
other hospitals after admission. One advantage of this
data set is that it allows one to observe and analyse a
large network of hospitals that includes public and private
hospitals. Our results show that geographical distance
plays an important role in hospital cooperation, although
other factors also matter, such as the geographical central-
ity of a hospital. Another empirical finding is the existence
of a positive relationship between hospital cooperation and
the overall clinical quality for the hospital of origin and of
destination. Introducing transferal protocols that exploit
information on hospital quality, such as hospital rankings,
may further reduce geographical inequalities across pairs of
‘trading hospitals’, ultimately improving the overall quality
of the healthcare sector.

The remainder of the paper is organized as follows. In
the next section we review the literature on the determi-
nants of patient flows and the impact of cooperation on
hospital quality. In the following section we describe the
empirical setting, introducing the Italian national health
service (NHS) and the Lombardy healthcare system,
which is the focus of our empirical investigation. This sec-
tion also undertakes an exploratory data analysis of the
network of transfers. In the fourth section we predict
patient flows from a number of other covariates via an
over-dispersed Poisson mixed model. This leads to a
proxy of cooperation that does not include quality. We
use this in the fifth section to quantify the impact of
cooperation on the hospital quality. Finally, we make
some concluding remarks and plans for future work.

OVERVIEW OF THE DETERMINANTS OF
PATIENT TRANSFERS AND THEIR
RELATIONSHIP WITH HOSPITAL QUALITY

The paper by Mackenzie et al. (1997) is considered one of
the first attempts to analyse patient transfers between
healthcare providers. Using data gathered from a survey
performed on 278 intensive care units in the UK, the
authors show how descriptive statistics can be used to
target allocation of patient transfers. Adopting an explora-
tory data analysis on Medicare patients in Connecticut,
Iwashyna et al. (2009a) find that more critical patients
tend to be transferred to high-technology hospitals. Iwa-
shyna et al. (2009b), using network analysis on nationwide

REGIONAL STUDIES
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US Medicare data, find that patient transfers are not ran-
domly distributed but rather directed to better resourced
hospitals. Bosk et al. (2011) adopt semi-structured inter-
views in three US hospitals and observe that patient trans-
fers are driven by hospital characteristics such as capacity,
capabilities and expertise. Further, Iwashyna (2012)
emphasizes the importance of high-skilled hospitals, and
hospital protocols, when identifying the drivers underlying
patients’ transfers.

Other works approach the study of the determinants of
patients’ transfer through a regression approach. Lee et al.
(2011), using data from hospital discharges in California,
find that cancer-specialized hospitals are more likely to
receive transfers as well as the hospitals with higher
patients volume. Similarly, Lomi and Pallotti (2012)
show that high-performing hospitals are less likely to be
senders, but rather they are more attractive as receivers.
Caimo et al. (2017) show that hospital cooperation
requires a considerable level of reliability between partner
hospitals. There is a large consensus that geographical dis-
tance between hospitals may play an important role in
shaping collaborations. As expected, vicinity between pro-
viders increases the likelihood of observing a collaboration
(Evangelista, 2016; Lomi et al., 2014; Mascia et al., 2012).
However, Lee et al. (2011) find that while geographical
proximity is related to patients sharing, it only accounts
for less than half of the patient-sharing likelihood. Lomi
and Pallotti (2012) show that the negative effect of geo-
graphical distance on the hospital network significantly
drops when controlling for the local dependence structures
in which organizations are embedded. Similarly, Caimo
et al. (2017) observe that the presence of other forms of
collaboration between partners reduces the impact of geo-
graphical distance. Analysing the Lazio (Italy) regional
healthcare system, Mascia et al. (2017) show that the
interaction between geographical and other types of proxi-
mity predicts inter-hospital exchanges. The authors
suggest that hospital managers should preferably interact
with close hospitals that are not too similar in the type
of supply factors.

There is also a strand of literature in health economics
that uses the gravity model to investigate the determinants
of patient flows at regional, local health authority (LHA)
or hospital/ward level (Balia et al., 2018; Cantarero, 2006;
Congdon, 2001; Fabbri & Robone, 2010; Levaggi &
Zanola, 2004; Mascia et al., 2012; Shinjo & Aramaki,
2012). For example, Balia et al. (2018) adopt a gravity
model to investigate the determinants of patient mobility
among Italian regions for the period 2001-10 using data
on hospital discharges. They find that income, hospital
capacity and the regional technological level are the key
drivers of patient regional flows. Congdon (2001), using
data on emergency units in 127 electoral wards in North
East London and Essex, finds patient age and travel dis-
tance to be the main drivers to patient flows. In general,
regardless of the level of aggregation of the data used,
these studies find that the most important variables
explaining patient transfers are geographical distance
between healthcare providers, patient characteristics, the
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capacity of hospitals, the availability of medical technol-
ogies and the quality of health services.

Although the studies reviewed above contribute to
identifying the determinants of hospital patient transfers,
little is known about their relationship with hospital qual-
ity. To our knowledge, the first paper to study such a
relationship is that by Pallotti and Lomi (2011). They
study the behaviour of 91 hospital organizations located
in the Lazio healthcare sector. The authors model two
measures of hospital efficiency and find that healthcare
providers with strong ties and that occupy similar positions
in the network tend to reduce their performance gap.
Using a panel negative binomial regression on administra-
tive Italian data for 35 hospitals in the region of Abruzzo
of Italy, Mascia et al. (2012) conclude that hospitals with
better health outcomes are less involved in patients trans-
fers. Still focusing on the Abruzzo healthcare system,
Lomi et al. (2014) find, using a multiplicative Cox func-
tion, that patients tend to be moved to hospitals providing
better quality, and that hospitals tend to move patients
from hospitals less capable of managing their capacity to
hospitals that are more capable. In addition, Mascia
et al. (2015) find that greater network centrality is nega-
tively associated with readmissions. Their multilevel
model predicts the quality of a hospital from network-
aggregated measures. In contrast to this approach, in our
paper we opt to model network data directly. In order to
do that, we consider a measure of hospital quality associ-
ated with a link of the network by combining the quality
of the origin and destination hospitals associated with
that link. This will be explained further in the remainder
of the paper. In the next section we describe the data
and the empirical setting.

EMPIRICAL SETTING

The Lombardy healthcare system

The Italian NHS follows the Beveridge model (Beveridge,
1942), providing universal healthcare coverage throughout
the country as a single payer. It entitles all citizens, regard-
less of their social status, to equal access to essential
healthcare services. In 1992, a system reform transferred
administrative and organizational responsibilities and
tasks from the central government to the administrations
of the 21 regions in Italy. These regions have now signifi-
cant autonomy on the revenue side and in organizing ser-
vices designed to meet the needs of their respective
populations.

The Lombardy healthcare system was reformed in
1997 becoming a quasi-market system made up of both
public and private providers which are reimbursed by a
prospective payment system based on diagnosis-related
groups (DRGs) (Berta et al., 2010, 2013; Brenna, 2011).
The reimbursement provided to the hospitals for each dis-
charge is defined according to specific DRG tariffs, revised
every year by the regional government on the basis of
increasing costs due to the introduction of new medical
technologies and also taking into account the introduction
of new policies. These public regional reimbursements
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represent the majority of revenues for acute discharges in
all hospitals located in Lombardy.

In 2002, the Lombardy government established a qual-
ity evaluation programme in order to assess the perform-
ance of hospitals in terms of their quality of care. In
particular, every year the region estimates, using adminis-
trative data, a set of risk-adjusted outcome indicators of
quality for each hospital. The region publishes partial
results on a web portal to which accredited hospitals can
access and see whether their hospital quality is significantly
above, not different or significantly below the regional
average performance. The intent is to encourage hospitals
to perform well and, thus, to promote improvements in
healthcare quality. This setting is the reason why we will
control for hospital quality in the first stage of our empiri-
cal strategy when modelling patient transfers between hos-
pitals. On the other hand, it is worth pointing out that the
information received by the managers is only partial, for
example, they do not have the full ranking of hospitals.
Therefore, as mentioned above, managers may also rely
on a perceived measure of relative quality when making
their choice of transfers by filling in the information gap.

Hospital administrative data

In this paper we analyse data gathered from the adminis-
trative healthcare information system of the Lombardy
region, which includes information on patients discharged
from 145 hospitals accredited with the regional healthcare
system in 2014. This is a very large data set compared with
other healthcare systems. Indeed, the data set contains
1,541,996 hospitalizations, of which 84% were ordinary
and 16% were in-day hospital or day-surgery. Further-
more, hospitalizations of patients living outside the Lom-
bardy region accounted for 10% of all admissions. The
hospital discharge data contain demographic information
such as age and gender, information on hospitalization
(length of stay, special-care unit use, transfers within the
same hospital or through other facilities, and within-hos-
pital mortality), and a total of six diagnosis codes and sur-
gical procedures defined according to the International
Classification of Diseases, Ninth Revision, Clinical Modi-
fication (ICD-9-CM). Only ordinary hospitalizations for
patients aged more than two years were retained in the
sample. Furthermore, we exclude all the hospitalizations
for palliative care or rehabilitation, the hospitalizations
classified as ‘day-hospital’ and the hospitalizations for
patients living outside Lombardy as their health outcomes
cannot be followed up. As regards hospital quality, we
define mortality by the death of the patient in hospital,
or within 30 days after the discharge, and define readmis-
sion by a patient readmission within 45 days after the dis-
charge and for the same major diagnostic class. Despite the
large adoption of these measures in the health economics
literature (Berta et al., 2016; Kessler & McClellan, 2000;
Mascia et al., 2015; Propper et al., 2004, 2008; Tay,
2003), their choice also introduces a limitation in the
study, as discussed by Neuman et al. (2014) and others.
Following this literature, we mitigate the heterogeneity

within these measures by introducing in our models
some adjustment for patient age, gender and DRG weight.

Table 1 provides a set of descriptive statistics on health
outcomes and patient and hospital characteristics, split by
hospital ownership (public and private accredited hospi-
tals). Around 45% of the hospitals are private, although
they only cover 28% of the hospitalizations. It is interest-
ing to observe that while patient demographic character-
istics (age and gender) are similar for private and public
hospitals, their case mix is quite different, with private
hospitals having a higher DRG weight. In terms of health
outcomes, we observe that gross rates are higher in public
hospitals compared with the private, with a small differ-
ence for readmissions and a bigger gap for mortality.
This is not directly related to the quality provided by the
two types of providers, but could be more related to the
different case mix of patients admitted in public and pri-
vate hospitals. In terms of hospital characteristics,
Table 1 reports the beds saturation index, or occupancy
rate, which is measured by the average number of days
when a hospital bed is occupied as a percentage of the
available 365 days, and the beds turnover index, which is
a measure of the extent of beds’ utilization and is measured
by the number of changes in bed occupancy during the
year. The statistics show that, considering that public hos-
pitals are on average bigger than private ones (i.e., on aver-
age beds capacity is 130 for private hospitals and 229 for
public ones), the turnover index is similar between private
and public hospitals, while public hospitals have a higher
saturation index. Finally, looking at the distance between
hospitals, which is measured by the travel time between
any two hospitals, Table 1 shows how public hospitals
tend to be on average slightly more distant (approximately
7 min more) than private ones. These variables will be
used in the models presented below and explained further
within that context.

Exploratory analysis of the network of transfers
As discussed in the introduction, we measure hospital
cooperation using the network of patient transfers. In
this network each hospital in Lombardy is a node and
the edges are the connections between two hospitals
with a weight defined by the number of patient transfers
between the two hospitals. We define a transfer between
hospitals by a patient discharged from one hospital and
then admitted in another hospital on the same or the
next day (Iwashyna et al., 2009b). In order to exclude
any patient involvement in this process, we exclude volun-
tary discharges. Indeed, in the Lombardy healthcare sys-
tem, patients are free to decide where to be hospitalized,
but they do not control the transfer process. However,
they can refuse to be transferred, and in such cases the hos-
pital can decide to continue the treatment at their hospital.
In all cases, patients are free to leave the hospital against
medical advice (Lomi et al., 2014).

Table 2 reports the total number of transfers. We split
these further by reporting the number of total transfers
from private hospitals and those from public hospitals.
This shows how public hospitals are generally more

REGIONAL STUDIES
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Table 1. Descriptive statistics of the patient and hospital data, for the variables that will be used in subsequent models.

Information is split by hospital ownership.

Private hospitals Public hospitals Overall
Mean SD Mean SD Mean SD

Outcomes
Mortality count 188.41 249.64 441.81 381.07 336.78 354.82
Readmission count 200.28 279.80 497.72 568.24 374.44 491.87
Patient characteristics
Female (F) 0.51 0.08 0.56 0.10 0.54 0.10
Age (A) 64.38 7.00 61.03 7.41 62.37 7.41
DRG weight (DW) 1.24 0.27 1.10 0.21 1.16 0.24
Hospitals” characteristics
Beds saturation (BS) 61.12 20.55 79.24 10.30 71.99 17.60
Beds turnover (BT) 40.10 11.43 40.98 8.25 40.63 9.62
Distance in minutes (D) 59.60 15.89 66.83 21.43 63.94 19.67
Co-membership 0.11 0.31 0.08 0.28 0.09 0.29
Teaching 0.17 0.37 0.13 0.34 0.15 0.35
Monospecialized 0.07 0.25 0.06 0.25 0.06 0.25
# Hospitals 58 87 145
# Hospital discharges (HD) 256,909 643,242 900,151

engaged in transferring patients than private hospitals.
Furthermore, we describe the network of transfers using
various measures of network summaries from the network
modelling literature (Kolaczyk & Csérdi, 2014), but also
considered in the literature of patient flows (Ferndndez-
Gracia et al., 2017).

We calculate these measures at the node level and
report the mean and standard deviation in Table 2. In par-
ticular, we calculate the degree of each node in the net-
work, that is, the number of hospitals from which a
given hospital sends/receives transferred patients; the
strength or weighted degree of each node, that is, the
number of patients received/transferred by a hospital; the
closeness of each node, indicating the proximity of each
node with the other nodes in terms of the number of
steps needed to go from a hospital to the transferring/
receiving hospital; and the level of betweenness of a
node, quantifying the number of times a hospital is a
bridge for the other hospitals in the network. Each
measure is calculated using the specific function in the
igraph R package (Csirdi & Nepusz, 2006) and opting
for the normalized version, with the exception of strength.
Opverall, the results show how the network is rather centra-
lized. Furthermore, it appears that public hospitals are on
average more central to the network than private hospitals.
The measurements of strength reveal further how the data
on the number of transfers present over-dispersion with
respect to a Poisson distribution. Moreover, Figure 1
shows a high level of reciprocity in the transfer of patients
between hospitals, with a small tendency to send rather
than to receive. Overall, this provides an indication of a
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positive cooperative behaviour between hospitals, poten-
tially away from cream skimming tactics where hospitals
dump the patients who are difficult to treat to other com-
petitors (Berta et al., 2010; Cheng et al., 2015; Levaggi &
Montefiori, 2003).

Aside from centrality measures and with a view to find-
ing determinants of patient flows, we next consider
approaches to identify possible structures in the network,
for example, in the form of partitions of the network
where nodes belonging to the same partition are strongly
connected among them and sparsely connected with the
nodes belonging to different partitions. To this aim, the net-
work of transfers has been analysed using a community
detection method. In particular, we consider the method
of Blondel et al. (2008), which is highlighted by Yang
et al. (2016) in their comparative study, and where partitions
are searched based on improvements of the modularity score.
Figure 2 shows the optimal partition for the network of
transfers, obtained using the multilevel.community function
in the igraph R package (Csardi & Nepusz, 2006). Figure 2
shows a strong relationship between the modularity-
detected communities and their geographical location.

Nine communities are detected and most of them cor-
respond to specific municipalities in Lombardy (e.g.,
Pavia, Lodi and Bergamo correspond to the orange, red
and green communities, respectively). The metropolitan
area of Milan, where the most part of the hospitals are
located, is characterized by three different communities:
the eastern part of Milan shares the community with the
municipality of Monza-Brianza (black dots), the western
part shares the hospitals with the community of Varese
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Table 2. Descriptive statistics of the network of patient flows.

Overall Private hospitals Public hospitals

15,516 3024 12,492
# Transfers Mean sD Mean SD Mean sD
In-degree 0.1309 0.1117 0.0965 0.1012 0.1877 0.1374
In-strength 106.8828 133.4983 24.3276 34.9593 115.8621 117.0410
In-closeness 0.2591 0.0455 0.0901 0.0325 0.3608 0.0591
Betweenness 0.0104 0.0133 0.0269 0.0401 0.0177 0.0203
Out-degree 0.1309 0.0902 0.0965 0.0759 0.1877 0.1104
Out-strength 106.8828 87.2032 24.3276 26.4644 115.8621 73.0139
Out-closeness 0.1731 0.0193 0.0741 0.0204 0.3589 0.0487

(vellow dots), whereas the central part identifies one single
community (blue dots). Finally, two more communities
are identified: the first characterized by the presence of
the mountains in the north and which includes the muni-
cipalities of Sondrio, Como and Lecco (purple dots) and
the second characterized by the eastern part of the region
and shared by the municipality of Cremona, Mantua and
Brescia (azure dots). The community detection approach
has shown how both the distance between hospitals and
the belonging to the same LHAs are substantial factors
in defining the network of hospital transfers. This finding
is consistent with the literature (Caimo et al., 2017; Lomi
& Pallotti, 2012; Mascia et al., 2012). On the basis of this
explorative analysis, we will include both distance and co-
memberships to LHAs as determinants of patient trans-
fers in the next analysis. For that purpose, it is also impor-
tant to emphasize that these determinants are exogenous

to the quality of hospitals.

MODELLING PATIENT FLOWS VIA AN
OVER-DISPERSED POISSON MIXED
MODEL

In order to predict the network of patient transfers from a
number of exogenous determinants, we resort to the litera-
ture on social relations models (Warner et al., 1979),
where the statistical dependencies inherent in dyadic
data are carefully considered and accounted for. This
results in a general class of mixed effect models, where ran-
dom effects are included in order to control for node
effects, which are typical of network data where multiple
observations relate to the same node/edge. These models,
not previously considered in the healthcare literature, but
known in the network modelling literature (Hoff, 2005),
have been implemented in the amen R package using a
Bayesian inferential approach (Hoff et al., 2017). Since

the dependent variable in our study is discrete, we will
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Figure 1. In- versus out-strength for each node in the network of patient transfers.
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Figure 2. Map of the hospitals in Lombardy and their belonging to the communities as detected by a modularity-based com-

munity detection method on the network of patient transfers.

Note: Each of the nine detected communities is assigned a different symbol. The map also shows the borders between the differ-

ent municipalities in Lombardy.

extend the existing implementations to the case of an over-
dispersed Poisson mixed model.

Going into the details of the model, let 7}; be the num-
ber of transfers between hospitals 7 and ;. Since the data
are in the form of a network, statistical dependencies are
to be expected, for example, the fact that data associated
with the same hospital of origin i (i.e., a row of the matrix
of transfers) or with the same destination hospital ; (i.e., a
column of the matrix of transfers) may be more similar to
each other than to the rest of the observations. We model
these dependencies using the mixed model:

E(Ty| -) = exp (a + BHD; 4 B,HD; + {;DW;
+ §2DWJ' =+ ‘ylA,' + ’}’ZA]' + 6F; + 62Fj
+ n,DC; + T)zDCj + 6,BW; + 92BW]'
+ % Teach; + ¥, Teach; + A{Mono;
+ A;Mono; + ¢, Techno; + ¢, Techno;
+ s;Public; + s)Public; + x1BS; + «,BS;
+ nBT,; + TZBTJ' + 01 AM,; + szMj
+ (f)lARi + ¢2ARj + fD,] + Q[/CMU + 8,]'),

1)
where the errors have the following dependency structure:
8z'j =a; + bj + V,‘j

(an b) ~ MVN(O, S0), S5 = ( o, (M:)’

Oub 0-2
(vij) vji), ~ MV]V(O> Ev)) Ev = Uzy(i T))
with a; and &4;, i, 7 = 1, ..., N, the random effects for the

sender and receiver hospitals, respectively, and v the

REGIONAL STUDIES

errors, with effects otherwise being independent. This
model induces a covariance among the g; given by:

E(slzj) = Uﬁ + Ui + Uzw E(Sijsik) = Uﬁ)

E(gzej) = po + 204, E(ezey) = oo,

E(ejen) =0, E(gjen) = 0up.

where o2 represents the correlation of observations having
a common hospital sender, whereas o7 defines the
dependence of observations having a common hospital
receiver. Since the network is asymmetric, p measures
the ‘reciprocity’ between sender and receiver hospitals,
that is, the dyadic correlation between the number of
transfers from 7 to 7 and those from ; to i. In addition,
02 accounts for over-dispersion: indeed when o2 is 0,
the model is a simple Poisson mixed model, whereas
when o2 increases, the conditional variance of 7}; becomes
larger than the mean. Thus, it represents a simple adap-
tation of the model to account for over-dispersion, similar
to more commonly used negative binomial models (Mas-
cia et al., 2015), which, in our setting, would require mul-
tiplying the expected rate of the Poisson model by a
random effect with a gamma distribution.

Several covariates are included in the model in
equation (1), at both the node and dyadic levels. In line
with the literature (Mascia et al., 2012, 2015), we include
in the model the dyadic covariates of geographical distance
between two hospitals (D) and their co-membership
(CM). Distance is measured in effective time travel and
is computed using Google Maps, that is, by considering
the fastest route by car from an origin to a destination
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hospital. Measuring distance by time travel allows one to
account for several constraints, such as topography or traf-
fic, that may be considered by the origin hospital in its
decision of transferring patients (Kitts et al., 2017). Co-
membership identifies whether two hospitals share the
same LHA (Kitts et al., 2017; Mascia et al., 2015; Mascia
& Di Vincenzo, 2011). We also control for the degree
centrality (DC) of both origin (7) and destination (7) hos-
pital. This is measured based on a geographical network
where two hospitals are linked if they are less than
30 min of effective time travel apart. This variable allows
one to adjust the predictions for the hospitals’ concen-
tration in a predefined area, the hypothesis being that a
higher value of this index for the origin hospital indicates
a wider choice set for the hospital that needs to decide
where to transfer a patient, and similarly for the destina-
tion hospital. We also include in the model the between-
ness index (BW), calculated for each node of the
geographical network and rescaled to a minimum of 0
and a maximum of 1. In terms of hospital or node-based
characteristics, we control for the number of discharges
of both the sender and receiver hospitals (HD), the hospi-
tal beds saturation (BS: average percentage of beds occu-
pied in hospitals) and hospital beds turnover indices
(BT average admission per bed in hospitals), in order to
measure the beds capacity of a hospital and the efficiency
in using beds (Lomi et al., 2014; Mascia et al., 2017). In
addition we account for the severity of the patients treated
in a hospital by including both the variable DRG weight
(DW), taken also as a measure of resources that the hospi-
tal employs to treat patients (Berta et al., 2013), and
patient age (4), measured as an average at the hospital
level. Similarly, we control for the patient hospital mix
in terms of gender composition by including in the
model the percentage of female patients in a hospital
(F). Furthermore, we include specific hospital character-
istics for both sender and receiver hospitals, namely
whether or not the hospital is a teaching hospital (variable
Teach), if it is a monospecialized or a general hospital (vari-
able Mono) and if the hospital is highly equipped or not in
terms of technology (variable Techno). As for the latter,
since we do not have specific information on technological
equipment for each hospital, we control for the role of
technology via a dummy variable that identifies the pres-
ence or not of an intensive care unit (Berta et al., 2016).
The inclusion of these variables is based on an expectation
that hospitals with university affiliations and/or advanced
technological capacity may be more likely to accept trans-
fers (Iwashyna et al., 2009a; Mascia & Di Vincenzo, 2011;
Mascia et al., 2015). Moreover, we control for hospital
ownership (variable Public) in order to adjust for potential
different behaviours in patient’s transfer between private
and public hospitals (Mascia & Di Vincenzo, 2011).
Finally, we consider two variables measuring the hospital
quality: adjusted mortality (4M) and adjusted 45-days
readmissions (4R). The risk-adjusted outcomes, mortality
and readmission are obtained by applying a multilevel
model (Goldstein & Spiegelhalter, 1996) where the
dependent variable is the observed outcome and the

adjustment is obtained by including patients’ covariates
such as: sex, age and up to 30 co-morbidities calculated
using the Elixahuser procedure (Elixhauser et al., 1998).
We opt for the Elixahuser index, rather than Charlson
index (Charlson et al., 1994), because it is usually adopted
by the Lombardy Health Authority when conducting hos-
pital quality evaluation.

We estimate the parameters of the model in equation
(1) via a Bayesian inferential procedure, based on an Mar-
kov chain Monte Carlo (MCMC) algorithm which adapts
the implementation in the ame function of the amen R-
package (Hoff et al., 2017) to the case of a Poisson-distrib-
uted dependent variable. We use a burn-in window of
1000 iterations, followed by 10,000 iterations, where we
save the estimated parameters every 25th iteration.
Table 3 shows the posterior mean estimates of the
parameters.

The variable geographical distance shows that the
shorter the distance between two hospitals, the higher
the number of transfers. This was to be expected from
our earlier exploratory analysis (Figure 2), despite the
high density of hospitals in Lombardy. Similarly, as
expected, the co-membership of the hospitals increases
the patient flows between hospitals. These associations
are also reported by other studies (Caimo et al., 2017;
Landon et al.,, 2012; Mascia et al.,, 2012, 2017) and
explained by the fact that low distance is typically preferred
by hospitals in the transfer of a patient in order to reduce
the costs for travelling and the risks to the patient associ-
ated with the transfer (Iwashyna, 2012). The positive and
significant relationship between the degree centrality and
the transfers indicates that when the set of opportunities
for transferring/receiving patients increases, the hospitals
tend to transfer/receive more patients. In order to check
for the robustness of this result, we have repeated the
analysis using degree centrality indices based on several
thresholds of the distances (between 20 and 40 min).
We have observed a correlation of over 0.90 among the
predicted values across these different thresholds,
suggesting a robustness of this finding. Finally, adjusting
for hospital discharges proves to be important
when explaining the variation in patient flows (Lee
et al., 2011).

With regard to patient characteristics, the analysis
suggests that the demographic characteristics of the aver-
age patient in a hospital, such as age and gender, do not
have a significant impact on the number of patient trans-
fers, whereas the severity of their conditions and the ability
of the hospitals in managing beds have a significant impact
on the number of patient transfers. In terms of other hos-
pital characteristics, we find that being a destination teach-
ing hospital increases the transfers, and, similarly, being a
technological hospital is positively related to the transfers
for both origin and destination hospitals. This might
suggest that hospitals with a low level of technology may
decide to move complicated patients to technological
hospitals in order to provide for, say, a cardiosurgical inter-
vention, but the patients are likely to be moved back to the
previous hospital once they overcome the critical post-
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Table 3. Posterior means of estimates and standard errors for
the model of patient transfers in equation (1).

Estimate SE

(Intercept) —12.931*** 3147
Distance —0.070***  0.002
Co-membership 1.787***  0.081
Origin

Hospital discharges 0.075***  0.016
DRG weight -0.012 0.442
Age 0.026 0.019
Female -0.804 1.053
Degree centrality 0.059***  0.004
Betweenness -0.678 0.567
Teaching hospital 0.075 0.222
Monospecialized hospital -0.373 0.290
Technological hospital 0.887***  0.203
Public versus private 0.681** 0.209
Risk-adjusted mortality —-0.035 0.025
Risk-adjusted 45-days readmissions 0.033 0.028
Beds saturation 0.023***  0.006
Beds turnover 0.009 0.011
Destination

Hospital discharges 0.088***  0.017
DRG weight 1.199** 0.474
Age —0.035* 0.019
Female -1.831* 1.106
Degree centrality 0.046***  0.004
Betweenness 0.449 0.580
Teaching hospital 0.536** 0.230
Monospecialized hospital 0.328 0.312
Technological hospital 0.918***  0.205
Public versus private 0.288 0.213
Risk-adjusted mortality 0.034 0.027
Risk-adjusted 45-days readmissions 0.026 0.028
Beds saturation 0.026***  0.007
Beds turnover —-0.003 0.011
og 0.544 0.102
Oab 0.362 0.086
o? 0.616 0.114
of 1.961 0.097
p 0.886 0.016

Note: Significance: ***0.01, **0.05, *0.1.

surgical phase. In this way, the patient receives necessary
assistance, releasing the bed in the technological hospital
for a new hospitalization. Finally, the variables attached
to hospital quality do not seem to play a role in explaining
patient flows, most likely due to the fact that hospital man-
agers in the Lombardy Region do not fully know the dis-
tribution of quality across the healthcare system.
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The inference also provides a quantification of the level
of dependencies in the data: in particular, the relatively
large value of the parameter p suggests a high correlation
of the two observations associated with the same edge in
the network and thus a high level of reciprocity between
connected hospitals, as noticed also in our exploratory
analysis (Figure 1). The same can be said for 02 and o3,
whose large values suggest the presence of row and column
effects. These findings support the need for the use of
more advanced mixed effect models in our study.

A number of checks are further conducted to measure
the goodness of fit of the model. In particular, we compare
some suitably defined summary statistics of the observed
network with the same statistics calculated from the pre-
dicted network generated at each iteration of the
MCMC algorithm. In more detail, we consider three net-
work statistics from a given network: (1) the standard devi-
ation of the row means; (2) the standard deviation of the
column means; and (3) the within-dyad correlation. The
histograms in Figure 3 represent the posterior predictive
distribution from the MCMC inference, which are to be
compared with the vertical lines representing the values
of the statistics on the observed network. Figure 3 shows
a good fit of the model, with the observed statistics lying
at the centre of the corresponding posterior distributions
from the model.

MEASURING THE IMPACT OF
COOPERATION ON HOSPITAL QUALITY

As explained in the introduction we are interested in asses-
sing whether cooperation between hospitals has a positive,
negative or null effect on overall quality in a healthcare sys-
tem. In our study, quality is measured in terms of hospital
effectiveness using both mortality and readmission, which
are the most adopted outcomes in the healthcare literature
on hospital quality. Mortality is defined by a variable
assuming value 1 if the patient dies in hospital or within
30 days after the discharge, and 0 otherwise, whereas read-
mission is measured by a binary variable equal to 1 if the
patient is readmitted to the same hospital or to another
hospital within 45 days from a discharge and for the
same clinical condition.

Using the model described in the previous section

—

(equation 1) we obtain the predicted transfers, 77, which
are now predicted from a set of covariates not related to
the hospital quality. In addition, in order to avoid further
problems of endogeneity, 7} is calculated excluding the
hospital random effects because these can be related to
characteristics such as the teaching status or the hospital
specialization (cardiological hospital, neurological hospi-
tal, etc.), which can affect hospital quality. We then relate
these predicted transfers with the overall quality for a pair

of hospitals 7 and j, which we measure by:

where W; and W, represent the mortality/readmission of
the pair of hospitals i and j, respectively.
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Figure 3. Posterior predictive goodness of fit for the model in equation (1).

We decided to adopt a measure of overall quality
instead of a measure of mortality or readmissions split by
sender and receiver hospitals for several reasons. Firstly,
it allows us to keep the transfers in the model as a dyadic
variable without having to aggregate the network of trans-
fers at a node level, as, for example, done by Mascia et al.
(2015). Secondly, it fits more closely with our objective as
we are interested in estimating the impact of cooperation
on the overall quality of the healthcare system. In fact, if
a hospital sends a patient with a very high risk of mortality
or readmission to another hospital and the patient dies or
is thereafter readmitted, this increases the mortality and
the readmission of the receiver but does not impact on
the quality of the pair, since the patient would have
most likely died or been readmitted in the hospital from
which he/she was transferred. Thus, considering the over-
all mortality/readmission allows us to take into account the
effect of the cooperation between hospitals on the overall
quality of both the sender and receiver hospitals, which
is at its lowest when both outcomes are being reduced.
On the other hand, choosing to add the two outcome
measures may mask a high level of heterogeneity in the
individual outcomes of a pair of cooperating hospitals,
with one of the two hospitals systematically benefiting
from the other in the cooperation. While the exploratory
analysis in Figure 1 showed a high level of reciprocity in
the number of transfers, further supported by the positive
p value from the previous model (p = 0.886), it is yet dif-
ficult to fully disentangle a positive from a negative transfer
process (Cheng et al., 2015). As a further indication of a
positive cooperative behaviour, we perform a #-test on
the mean difference of (adjusted) mortality and readmis-
sion between pairs in the network that cooperate with
each other (7} > 0) versus those that do not cooperate
with each other (7j; = 0). The results of this analysis

(mortality: p-value = 0.0628; readmission: p-value =
0.7530) show little evidence of heterogeneity in the out-
come measures of cooperating hospitals, further support-
ing our choice of an additive dyadic outcome measure.

Since the dependent variable Wj; defined in equation
(2) is in the form of counts, we use the same over-dispersed
Poisson mixed effect framework used before. In particular,
we consider the following model:

E(Wy|-) =exp (a + éT; + BHD; + 00WN;; + 8A;
+ yF;; + ¢DW;; + FTeach;; + AMono;;
+ oTechnoy + u; + u; + €;),
©)

where u; ~ N(0, 02), j =1, ..., N is the hospital ran-
dom effect which is now drawn from the same distribution
for the origin and destination hospitals, since Wj; is now
symmetric (as W; = Wj). This also means that there is
no ‘reciprocity’ parameter p in this model, as there is
only one observation associated with each link. As with
the model in equation (1), we assume &; ~ N(0, d?) in
order to capture a potential over-dispersion in the con-
ditional distribution of the dependent variable.

The coefficient ¢ in equation (3) is of interest in order
to assess the impact of cooperation on hospital quality.
The model is also scaled by the overall discharges of the
hospitals’ pair (HD), now taken as the average of the dis-
charges between the two corresponding hospitals since the
dependent variable is symmetric, as well as by a number of
other variables typically used in healthcare evaluations
(Berta et al., 2013, 2016; Mascia et al., 2015; Peluso
et al., 2016). In particular, we consider the patient age
(A), the DRG weight (DW) and gender (), all calculated

as averages of the two connected hospitals. Moreover, we
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Table 4. Modelling the effect of the network of patient flows on the risk-adjusted mortality of the healthcare system.

Mortality Readmission
Estimate SE Estimate SE
(Intercept) 1.689 1.039 5.830*** 0.913
Hospital discharges (HD) 0.084*** 0.006 0.089*** 0.007
DRG weight (DW) 0.521** 0.173 0.666*** 0.183
Age (A) 0.017*** 0.005 —0.010** 0.005
Female (F) 0.512 0.402 —0.041 0.358
T; —0.012%** 0.003 —0.013*** 0.003
Private and private —0.772%** 0.155 -0.460* 0.267
Public and private —0.293*** 0.078 -0.174 0.134
Technological and technological —0.293%*** 0.078 -0.174 0.134
Technological and not technological —0.564%** 0.011 —0.613*** 0.009
Teaching and teaching 0.003 0.004 0.003 0.004
Teaching and not teaching -0.010 0.020 —0.117%** 0.015
Monospecialized and monospecialized —0.001 0.005 0.000 0.004
Monospecialized and general —0.341%** 0.043 0.004 0.032
> 0.116 0.013 0.065 0.008
o? 0.074 0.004 0.055 0.002

£

consider the hospital ownership (OWN), which is defined
as a dyadic variable taking values public—public, private—
private, public—private, respectively. Similarly, we also
include dyadic covariates to control for the teaching status
of the hospital pair (7each), their status as monospecialized
or general hospitals (Mono) and their status as technologi-
cal hospitals (Zechno). As with ownership, these variables
are defined as categorical variables, taking three possible
values.

Table 4 shows the results of the model described in
equation (3) using the same MCMC settings as those
used for model (1). These results form the core of the
paper, where we analyse the effect of cooperation between
hospitals on the quality of the healthcare system. The
analysis shows a negative and significant effect for the pre-
dicted transfers on the health outcomes, for both mortality
and readmissions. This means that the higher the
cooperation between a pair of hospitals, the higher is the
quality for the two associated hospitals, thus suggesting a
positive impact of inter-organizational cooperation to
the healthcare system. In particular, the parameters for

Mortality

3535 354.0 3545

Row Effect

3525 353.0

the predicted transfers indicate that an increase of one
patient transfer produces a reduction of 1.9% in the aver-
age mortality and of 2.2% in readmissions.

Finally, Figure 4 shows a good fit of the models, both
for the case of mortality and readmission, with a good
match between observed and predicted summary statistics.

As a final step in the analysis, and considering some
differences that were previously observed between private
and public hospitals, we investigate whether the impact
of cooperation on quality is different according to hospital
ownership. To this aim, we add to equation (3) an inter-
action term between predicted transfers and the hospital
ownership. The results of this analysis are presented visu-
ally in Figures 5 and 6. In both, the heatmaps on the left
represent the observed transfers between hospitals pairs
sharing the same ownership (private versus private on
top and public versus public at the bottom), whereas the
heatmaps on the right show the expected hospital
performance (mortality in Figure 5, readmission in
Figure 6) predicted by the model in equation (3) and
scaled by the number of discharges of the hospitals pairs.

Readmissions

8505 8510 8515 8520

Row Effect

850.0

849.5

Figure 4. Posterior predictive goodness of fit for the model in equation (3).
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Figure 5. Effect of patient transfers on the predicted overall mortality.
Note: Hospitals in the heatmaps are sorted by the number of discharges, and the shades of the points are defined in the log-

scale, except for the null transfers where the points are white.
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Figure 6. Effect of patient transfers on the predicted overall readmission.
Note: Hospitals in the heatmaps are sorted by the number of discharges, and the shades of the points are defined in the

log-scale, except for the null transfers where the points are white.
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In simple terms, a point in the left heatmap corresponds to
a pair of connected hospitals, with the colour indicating
the amount of cooperation (transfers 7j; in the formulae)
between the hospital of origin (x-axis) and the hospital
of destination (y-axis), whereas the corresponding point
on the right heatmap is coloured according to the com-
bined mortality/readmission rate of the associated pair of
hospitals (W;;/HD). In order to improve visualization,
hospital pairs are sorted according to the value of predicted
mortality and readmission for the pair, so that higher
values of predicted outcomes are in the bottom left corner
of the right heatmap, and vice versa for the lower values.
The same ordering is then applied to the left heatmaps.
We observe from both analyses how public hospitals are
more engaged in cooperation than private ones (a more
‘coloured’ left heatmap for public hospitals), and how, in
both cases, cooperation is effective in improving quality,
that is, in reducing mortality and readmission (higher
mortality/readmission rates in the bottom left corner of
the right heatmaps correspond to little to no cooperation
visible in the left heatmaps for the same corner).

DISCUSSION AND CONCLUSIONS

In this paper we have focused on transfers of patients
between hospitals as a form of cooperation. We have
explored the impact on patient transfers of a set of
demand-supply  factors,  distance-based  centrality
measures as well as measures of hospital quality. Following
the literature on social relations models, we have adopted
an over-dispersed Poisson mixed regression model (Hoff,
2005; Warner et al., 1979), that includes both random
effects related to the sender and the receiver hospital as
well as a reciprocity effect among them. One contribution
of this paper was to show how these empirical models
could be suitable when handling network data in health
economics and health research in general.

Our empirical results (Table 3) conform well with
existing findings that geographical distance plays an
important role in explaining cooperation between man-
agers see, among others, (Baltagi et al., 2018; Lomi
et al., 2014; Mascia et al., 2017): cezeris paribus the shorter
the distance between hospitals, the higher the number of
transfers. One plausible explanation for this result is that
there are risks and transportation costs associated with
patient transfers (Iwashyna, 2012). That geography plays
an important role is also confirmed in our analysis by the
identification of communities in the network of transfers
that have a clear geographical structure (Figure 2). This
analysis further shows how the local patterns of spatial
interaction may be more complex than simple contiguity
measures, which are typically used in the healthcare litera-
ture and defined based on LHAs or municipalities bound-
aries. This result could motivate policymakers to develop
protocols and interventions that are based on alternative
measures that go beyond rigid administrative boundaries.

Our analysis finds also that geographical centrality
helps in explaining the flows of transfers: ceteris paribus,
the higher the number of opportunities where to send/
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receive patients, the higher is the number of patients trans-
terred to/received by a specific hospital. We also find that
the intensity of cooperation between hospitals does not
depend on hospital quality. One explanation for this result
is that managers are provided only with partial information
on the distribution of hospital quality across territory. This
may exacerbate the impact on their decisions of a relative
perception of quality and of information that is gathered
informally (Landon et al., 2012). A further explanation
is the lack of adequate health outcome indicators to
proxy healthcare quality. Finally, there might be signifi-
cant heterogeneity across networks for specific health con-
ditions that is not captured by our global analysis.

In the second stage of the analysis, we assess how
cooperation between hospitals may be associated with
the overall clinical quality for the hospital of origin and
of destination involved in transfer of a patient. To the
best of our knowledge, this is the first attempt of consider-
ing simultaneously the outcomes of both hospitals
involved in the transfer. This in turn allows us to analyse
the effect of the transfers on the patients’ outcomes in
the overall hospital network. One main challenge, when
studying this relation, is the potential endogeneity
between transfers and quality. Indeed, as we have shown
in the first analysis, the decision of transferring a patient
to a specific hospital is informed, among other things, by
variables possibly correlated to the quality of the origin
and destination hospitals. For this reason, we derive an
exogenous measure of transfers (cooperation) and then
use this to quantify its effect on the quality of the health-
care system. When taking care of the endogeneity of
cooperation, we find a positive relationship between hos-
pital cooperation and the overall quality of the connected
hospitals. This is the case both for private and public hos-
pitals, though it is found to be more pronounced for public
hospitals.

The absence of a source of information on the quality
of hospitals accessible to all providers, such as in the form
of star ratings, may prevent some hospitals to engage with
others, with some missing the opportunity to cooperate
with higher quality hospitals. This may result in a lower
degree of cooperation among hospitals and a loss of overall
quality. However, this asymmetric information may also
prevent patients from choosing high quality providers
(Berta et al., 2016; Moscone et al., 2012). In other
words, we would have expected a reduction in the transfers
between hospitals, had the patients known where to be
hospitalized in the first instance. Thus, the transfers of
patients can be seen as an informal mechanism available
in the market to adjust ex-post for such distortion. In gen-
eral, even in the absence of asymmetric information of the
distribution of hospital quality, given that some patients
will not be able to choose the hospital where to be
admitted to (e.g., the urgent cases), effective cooperation
between hospitals may prove crucial in increasing the like-
lihood of survival for patients. Indeed, as highlighted by
Iwashyna (2012) working on inter hospital transfers is a
clear opportunity to improve patient outcomes. Towards
this end, policymakers (the Lombardy Region in the
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case study of this paper) could design a data set for facili-
tating matching between providers in order make
cooperation more prompt and effective (Pallotti &
Lomi, 2011).

The results described in this paper should be con-
sidered in light of several limitations. Firstly, the data
used in this paper is cross-sectional. Further work should
consider the use of longitudinal data to explore the spa-
tio-temporal dimension of this phenomenon. Future
work is also needed in order to better assess the impact
of hospital cooperation on quality. For instance, within
the category of private hospitals there are for-profit and
not-for-profit organizations, with the latter being closer
to the mission of the public sector. For this reason, future
work should investigate whether this result will still hold
when considering for-profit hospitals. Moreover, future
work should also explore different ways to measure the
degree of cooperation between healthcare providers. For
example, it could be of interest to measure cooperation
by the scientific collaboration among professionals in
different hospitals, which could be derived by the scientific
works published jointly by physicians operating in differ-
ent hospitals. Finally, our study of the association between
hospital quality and cooperation is based on a specific
choice of measures for quantifying health outcomes.
Although several works in the literature of health econ-
omics use mortality and readmissions as quality indicators
(e.g., Kessler & McClellan, 2000; Tay, 2003; Propper
et al., 2004, 2008; Berta et al., 2016), there is growing evi-
dence that these outcomes alone cannot capture hospital
differences in the treatment provided to patients (Neuman
et al., 2014).

Despite these limitations, this study represents one of
the first attempts to quantify the association between hos-
pital cooperation and the quality of healthcare, exploiting a
rich source of administrative micro-data and using net-
work science approaches that are innovative in health
economics.
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