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Abstract. The Emergency Department (ED) is responsible to provide
medical and surgical care to patients arriving at the hospital in need of
immediate care. At the regional level, the EDs system can be seen as a
network of EDs cooperating to maximise the outputs (number of patients
served, average waiting time, ...) and outcomes in terms of the provided
care quality. In this paper we discuss how quantitative analysis based on
health care big data can provide a tool to evaluate the dispatching poli-
cies for the network of emergency departments operating in Piedmont,
Italy: the basic idea is to exploit clusters of EDs in such a way to fairly
distribute the workload. Further, we discuss how big data can enable a
novel methodological approach to the health system analysis.
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1 Introduction

The Emergency Department (ED) is responsible to provide medical and surgical
care to patients arriving at the hospital in need of immediate care. At the regional
level, the ED system can be seen as a network of EDs cooperating to maximise
the outputs (number of patients served, average waiting time, ...) and outcomes
in terms of the provided care quality. Many EDs, especially those serving a large
amount of people, complain about the large number of non-urgent patients usu-
ally transported by the Emergency Medical Service (EMS) ambulances. Further,
EMSs usually do (or can) not take into account the ED workload level when as-
signing and transporting a patient to an ED. When a peak of emergency demand
arises, EDs suffer from increasing overcrowding [9]. The systematic review re-
ported in [8] describes the causes, effects and solutions to the ED overcrowding.
The causes described are non-urgent visits of patients, influenza seasons, hospi-
tal closures, ambulance diversion, inadequate staffing, delay in diagnostics and



hospital bed shortages. As described before, ED overcrowding leads to delayed
patient care. This results in an increased risk of mortality, patients who left with-
out being seen (LWBS) and also financial losses. Both academic literature [2]
and the ED managers argue that the efficiency and the equity of the ED system
can depend on the interplay between the EMS and the ED network.

The development of models for the analysis of a health system as a whole
is one of the main challenges in the health care management field. The basic
idea is to have a tool capable to validate management policies at health system
level modelling the patient flow through the care pathway. As a matter of fact,
the current trend in the analysis of health care systems is to shift the attention
from single departments to the entire health care chain in such a way to increase
patient’s safety and satisfaction, and to optimise the use of the resources.

In order to apply such an approach to the analysis of a regional ED network,
one of the main difficulties is the collection of all the information regarding the
transportation of the patients from the emergency scene to the ED. Nevertheless
this problem can be now overcome exploiting the immense amounts of data
generated by health care systems. Health Care Big Data (HCBD) are a key
enabling technology to support detailed health system analysis: exploiting the
HCBD, one can replicate the behaviour of the health system modelling how each
single patient flows within her/his care pathway.

In this paper we discuss how quantitative analysis based on the HCBD can
provide a tool to evaluate dispatching policies for a regional network of emer-
gency departments: the basic idea is to exploit clusters of EDs in such a way to
fairly distribute the workload. We present a simulation model based on the case
study of the Piedmont in Italy, and powered by the knowledge provided by the
analysis of regional HCBD.

The paper is organised as follows. In Section 2, we introduce the general
concept of clinical pathway and its application to the emergency care. Further,
we discuss how big data can enable a novel methodological approach to the health
system analysis. In Section 3, we first discuss the case study under consideration
and then we report how we implemented the simulation model. In Section 4,
we report a quantitative analysis of the results obtained running the simulation
model. Conclusions and future works are discussed in Section 5.

2 Clinical Pathways and Health System analysis

The current development of the health care systems is aimed to recognise the
central role of the patient as opposed to the one of the health care providers.
In this context, Clinical Pathways (CPs) shift the attention from a single health
benefit to the health care chain that is involved in the illness episode treatment.
A CP can be conceived as an algorithm based on a flow chart that details all
decisions, treatments, and reports related to a patient with a given pathology,
with a logic based on sequential stages [7]. A CP is therefore “the path” that
a patient suffering from a disease traverses in the National Health System. For
this reason, they can be considered an operational tool in the clinical treatment



of diseases, from a patient-focused point of view [11]. Many papers show that,
appropriately implemented, CPs have the potential to increase patient outcome,
to reduce patient length of stay and to limit variability in care, thereby yielding
cost savings [6, 13]. On the contrary [1], limited attention has been dedicated to
study how CP can optimise the use of resources (see, e.g., [4, 10]).

The development of models for the analysis of a health system as a whole
is one of the main challenges in the Health Care Management field [12]. The
basic idea is to have a tool capable to validate management policies at health
system level modelling the patient flow through the corresponding CP. Litera-
ture indicates that System Dynamics (SD) seems to be the most appropriate
methodology. A first attempt has been made by Wolstenholme during his col-
laboration with the NHS. In [16], he applies SD to the development of national
policy guidelines for the U.K. health service. The tested policies include the use
of “intermediate care” facilities aimed at preventing patients needing hospital
treatment. Intermediate care, and the consequent reductions in the overall length
of stay of all patients in community care, is demonstrated here to have a much
deeper effect on total patient wait times than more obvious solutions, such as
increasing acute hospital bed capacity. More generally, as discussed in [17], the
key message is that affordable and sustainable downstream capacity additions
in patient pathways can be identified, which both alleviate upstream problems
and reduce the effort for their management.

A SD model has been used as a central part of a whole-system review of
emergency and on-demand health care in Nottingham, as reported in [5]: due to
a growing emergency care demands, the hospital systems were unlikely to achieve
some government performance and quality targets. Such a model discovered
a range of undesirable outcomes associated with the growing demand and, at
the same time, suggested policies capable to mitigate such impacts. In [15],
the authors were interested in determining whether SD can be an appropriate
methodology to model the patient flow in a hospital, and to analyse it from a
strategic planning perspective. The SD model were developed in collaboration
with the General Campus at The Ottawa Hospital with particular attention
to the delays experienced by patients in the ED. The authors reported about
the modelling techniques, validation and scenarios tested, accompanied by their
comments regarding the appropriateness of SD for such a strategic analysis.

From a modelling point of view, SD is a simulation methodology whose main
elements are stocks and flows: a stock is any entity that accumulates or depletes
over time; a flow is the rate of change of a stock. For instance, in health care
a stock can represent the waiting list for a surgery, that is a number of people
requiring a surgery, while a flow can be the rate of a new insertion in the list.
One of the main limitation of using SD for health system analysis is that patients
are indistinguishable from each other within stocks and flows. On the contrary,
health care services are generally characterised by a large variety of different
patients suffering from the same diseases and flowing in the same care pathway.

From the above remarks, Discrete Event Simulation (DES) seems the more
appropriate methodology to model such a large variety of patients flowing in



their corresponding pathway because of DES has the capability of representing
each single patient (or entity) within one of more pathways. Further, DES can
easily enable the application of optimisation algorithms to take the best (or the
most rational) decision regarding a single or a group of entities modelling a single
or a group of patients.

It is worth noting that such a modelling approach requires a lot of detailed
data, that is all the data needed to replicate the behaviour of each single pa-
tient flowing in its corresponding pathway. Moreover, in terms of health system
analysis, such a model requires the availability of all the data for all patients
flowing in all pathways of the same type in the health system under consid-
eration. A defining characteristic of today’s data-rich society is the collection,
storage, processing and analysis of immense amounts of data. This characteristic
is cross-sectoral and applies also to health care.

Therefore, we argue that the HCBD can power a detailed health system
analysis using DES methodology: exploiting the HCBD, one can replicate the
behaviour of the health system modelling how each single patient flows within
her/his care pathway. The novelty of the paper is therefore the use of the DES
methodology for the health system analysis exploiting the Big Data in order to
better represent the variety of the patients accessing the health system.

3 A DES model powered by the HCBD

In this section we report about the development of a Discrete Event Simulation
(DES) model powered by the Health Care Big Data (HCBD) for the analysis
of the dispatching policies for a regional Emergency Department (ED) network.
First we present the specific case study (Sect. 3.1) and then we discuss our
two-phase DES model (Sect. 3.2).

3.1 The ED network operating in Piedmont region

Piedmont (Italian: Piemonte) is one of the 20 regions of Italy. It has an area of
25,402 square kilometres and a population of about 4.6 million. The capital of
Piedmont is Turin. Piedmont is organised in 7 provinces. The province of Cuneo
is the largest one while the province of Turin is the most populated one: actually,
about 2.3 million of inhabitants are living in, and 1.4 million are living in the
area of Turin. Figure 1 reports the number of inhabitants living in Piedmont
and in the province of Turin, divided in different age classes.

According to the 2015’s report of the “Programma Nazionale Esiti” by the
Ministry of Health, the waiting time for a urgent and a non-urgent code could
exceed respectively 60 minutes and 450 minutes, in the worst case. In other
similar Italian regions, such waiting times are about 20% lower. We remark that
in Italy, the Regions are in charge of providing the health services in accordance
with the minimal level decided at the national level by the Ministry of Health.
This comparative analysis demonstrates the need of investigating the reasons of
such differences and, eventually, to individuate some possible improvements.
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Fig. 1. Population of Piedmont and province of Turin: age distribution (ISTAT 2011).

From more than 10 years, the Piedmont region is collecting data about the
regional health system, and released a regional law to unify the flows of data
gathered from all the health care providers operating in Piedmont, that is, local
health agencies, hospitals, and all the private structures in agreement. Such a
regional law guarantees the quality of the data collected in accordance with the
national standards: all the information must respect a standard format and their
consistency is checked for financial reasons since health providers are reimbursed
w.r.t. the number and the type of treatments.

Concerning the access to the network of EDs, the HCBD contains all the
information regarding the access: encrypted patient ID, patient registered resi-
dence, times (arrival, discharge, ...), urgency code, ED, treatment(s), etc.. Each
year they collect all the information regarding about 1, 800, 000 accesses to the
regional network of EDs: for instance, in 2013, there were 1, 768, 800 accesses;
among them, the 90.53% were non-urgent. The network is composed of 49 EDs,
mostly – about 20 – located in the province of Turin. The EMS usually trans-
ports patients to the closest ED, apart some particular – limited in number –
cases.

3.2 A two-phase DES model

We propose a quantitative model for the analysis of the network of EDs operating
in Piedmont. The proposed model is organised in two phases, and it operates on a
time horizon of one month. The first phase is devoted to data analysis concerning
the time horizon taken into account in order to determine the appropriate value
of the parameters of the DES model, which is the main part of the second phase.
As a matter of fact, the emergency demand depends on the day of the week and
the time of day [14]. Further, a not accurate forecasting can lead to managerial
solutions that worsen the EMS performance, and by consequence the quality of
the access to the ED, even if more resources are used, as discussed in [3].



Dynamic estimation of the parameters. In order to have a proper repre-
sentation of the main parameters of the network of EDs, the first phase of our
quantitative model concerns the analysis of the big data relative to the time hori-
zon considered in the running experiments. Parameters and their corresponding
distributions are empirically computed over adequate time intervals in such a
way to fit the model on a given and fixed time horizon, and to replicate both
the patients flow and their management by the EDs.

The main parameters dynamically evaluated are the emergency demands
and their urgency code, the capacity and the service time of each ED, and
how the patients are distributed to EDs with respect to their geographic origin.
The general evaluation procedure consists in scrolling the data concerning each
access in chronological order to keep track of the information needed to estimate
the considered parameters and their corresponding empirical distribution, as we
describe in the following.

Emergency demands. The emergency demand consists in the number of ac-
cesses to the whole regional ED network. Such a distribution is computed
counting the average number of accesses in each time interval of 30 minutes
over each day of the time horizon considered.

Urgency distribution. The urgency distribution measures the percentage of
patients having a urgent or a non urgent code with respect to the origin of
the patients.

Service time of each ED. The service time of each ED is estimated using the
information regarding the time on which the patient has been take over by
the ED, and the time on which the patient has been discharged. The service
time has been estimated by the code of urgency.

Capacity of each ED. An ED usually has a formal capacity defined a priori.
On the contrary, the real practice showed that the real capacity could be
different. Further, we should take into account variations in the staffing.
From these considerations, we estimate the capacity of the ED by counting
the maximum number of patients that are in the ED at the same time. We
compute such a value for each interval of three hours in a day, for each day
in the time horizon. The capacity of each interval of three hours is finally set
to the value corresponding to the 90-percentile of all the values measured in
the same interval and in the same day of the week.

Patient geographical distribution. From the data of the patients, we esti-
mate the number of the patients coming from a city identified by its postal
code. We also estimate the number of patients that accessed an ED from a
given city.

Although the percentage of patients transported by the EMS could be eval-
uated dynamically, our preliminary analysis showed that such a parameter cur-
rently ranges in [13.3%, 14.2%]. Therefore, we decided to set this parameter in
such a way to study the interplay between the EMS and the ED network varying
such a percentage in Section 4.

Figure 2 reports an example of the distribution of the daily arrival of the
patients derived from the about 150, 000 accesses to the ED network in July



2001. Note that the figure reports ticks of 1 hour (instead of 30 minutes) only
to improve its readability.
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Fig. 2. Distribution of the patient arrivals during the day (July 2011).

The DES model. We propose a DES model to represent the pathway of the
patient entering in the ED network. Our DES model is based on a straightforward
representation of the flowchart depicted in Figure 3.

An emergency request of a patient is generated in accordance with the geo-
graphical distribution of the patients and the arrival distribution. At the moment
of its generation, an ED is associated to the patient pursuant to the distribution
of the patients accessing each ED, which usually corresponds to the closest one.
Such an emergency request can be served or not by an EMS ambulance. When
the request is not served by the EMS, we assume that the patient reaches – in
some way – the ED previously associated. On the contrary, the transportation of
the patient is in charge of the EMS. In our model, the ambulance transports the
patient to the associated ED only if the urgency code is high (red or yellow in the
Italian system), otherwise the EMS can decide where to transport the patient
in accordance with some policies (dispatching decision for non urgent patients).
After arriving at the ED, the patient will wait for the treatment, which usually
lasts for a time distributed following the service time distribution dynamically
estimated. When the patient will be discharged, he/she will exit from the model.

The considered dispatching policies are two. The first one, say P0, dispatches
a non urgent patient to the ED associated to the patient at the moment of its
generation, without any change. The second one, say P1, dispatches a non urgent
patient following a service state policy, that is, at the moment t, the patient is
dispatched to the ED h having minimal ratio rth

rth =
wt

h + sth
ch

, (1)
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Fig. 3. The flowchart representing the emergency pathway.

in which the values wt
h and sth are respectively the number of patients waiting

and receiving health care, and ch is the estimated capacity of the ED. This policy
is suggested by the fact that Piedmont region is building an ICT infrastructure
to share the real-time information regarding the workload of the EDs.

The policy P1 does not consider all the ED network but only those belonging
to a cluster of EDs. A cluster of EDs is a subset of all the EDs operating in
Piedmont that can be reached in no more than 30 minutes from a given origin.
We identified 5 different clusters in Piedmont, denoted by Ci, i = 1, . . . 5. The
largest one C1, composed of 20 EDs, is located in the Turin area. The clusters
C2 (province of Alessandria) and C3 (province of Cuneo) are composed of 7 and
6 EDs, respectively. Finally, two smaller clusters, composed of 2 EDs each, are
located in the area of “Valli di Lanzo” (C4) and in the area of Alba and Bra
(C5).

The proposed DES model is quite flexible: as a matter of fact, the ED net-
work operating during the time horizon considered can be obtained by simply
activating the dispatching policy P0. Note that this also provide a tool to eval-
uate the ED network as a whole system, instead of having simpler measures as
those reported in the “Programma Nazionale Esiti”.

Implementation details. The dynamic estimation of the parameters has been
implemented in Python 2.7. A script evaluates data concerning the time horizon
of interest from the input data-set and generates an Excel file with the the
parameters of the distributions described above.

Apart from the emergency demand, that has been evaluated at the regional
level calculating, as mentioned before, the average number of accesses in each
time interval of 30 minutes over each day of the time horizon considered, the
rest of parameters takes also into account the origin of the patients and/or the
related EDs. Urgency code distribution has been estimated by distinguishing for
each ED four different codes (from 1 to 4). The accessing distribution has been
estimated considering both the distribution of provenance of patients and the
distribution of accesses of the EDs, mitigating in this way the possibility of not



considering patients collected from an ED in a different location from their city of
provenance. Finally the service time distribution has been estimated considering
both the ED and the gravity of patients.

The DES model has been implemented using AnyLogic 7.2. At simulation
start-up it takes in input the file before generated and uses it to initialise the
parameters. Custom distributions have been used for the parameters above
described, while specific objects (Service and ResourcePool, Schedule and
Agent) have been used for the definition of the EDs, their capacities (varying
pursuant to the hour of the day) and for the patients. When a patient is gen-
erated it is assigned to him a provenance, the destination hospital (pursuant to
the selected policy), an urgency code and the expected service time. The routing
of patients has been implemented using two matrices, associating each patient
provenance to one (in case of policy P0) or more (policy P1) possible EDs of
destination.

4 Quantitative Analysis

In this section we report the quantitative analysis performed to test our two-
phase DES model.

In our analysis, we considered four different months in 2011. Table 1 provides
more details about the input of our model. For each month considered, the table
reports the total number of accesses considered and their classification with
respect to the urgency code (1 represents the more urgent code while 4 the less
one) and their origin with respect to the property of belonging or not to a cluster.

We would remark that the total number of accesses considers only those
accesses for which at least one between the origin of the patient or the ED of
destination is correctly reported in the data. Finally, the last column of the
table reports the percentage of the accesses to an ED belonging to one of the
five clusters. This means that the majority of the patients can be served by an
ED belonging to a cluster. Further, the cluster C1, composed of 20 EDs over 49,
treats more than the 50% of the accesses.

Table 1. Description of the data considered in our quantitative analysis.

total requests by urgency requests by clusters
accesses 3–4 2 1 C1 C2 C3 C4 C5

Jan 126,698 107,773 17,688 1,237 69,773 11,480 12,467 3,701 4,201 80.21%
Feb 116,961 99,806 16,074 1,081 64,876 9,819 11,548 3,379 4,008 80.05%
Jun 132,654 113,734 17,562 1,358 70,292 11,672 12,632 3,568 4,451 77.36%
Jul 123,758 106,404 15,970 1,384 62,505 11,027 12,836 3,507 4,196 76.01%

Our quantitative analysis consists in using the two-phase DES model to solve
the four instances arising from the four months in Table 1. For each instance,



a test consists in solving the instance by varying the percentage of patients
transported by the EMS, denoted by pE , in the interval [7%, 27%] with a step
of 5%. The rationale is to study the interplay between the EMS and the ED
network, as discussed in Section 3.2 and suggested in [2]. Finally, the results for
each solution are the average values among those obtained by running the two-
phase DES model 100 times, each time starting from a different initial conditions
in such a way to have independent and identically distributed repetitions.

Table 2. P1 vs. P0: waiting time reduction ∆w in minutes.

pE 7% 12% 17% 22% 27% avg. ∆w

all 15.51 25.91 34.70 42.16 50.79 33.82
Jan EMS 17.75 21.63 24.73 27.74 34.37 25.24

no EMS 15.43 26.67 37.01 46.62 57.39 36.62
all 6.81 13.10 19.75 26.29 31.87 19.56

Feb EMS -4.31 1.62 6.68 11.33 15.70 6.21
no EMS 7.67 14.70 22.48 30.60 37.99 22.69

all 19.70 39.12 64.51 75.73 80.82 55.98
Jun EMS 5.78 19.88 45.51 58.88 66.45 39.30

no EMS 20.81 41.85 68.54 80.63 86.28 59.62
all 8.27 13.19 17.64 21.15 24.23 16.90

Jul EMS -3.86 -2.62 0.22 3.89 7.55 1.04
no EMS 9.20 15.35 21.20 26.03 30.43 20.44

all 12.57 22.83 34.15 41.33 46.93
avg. ∆w EMS 3.84 10.13 19.28 25.46 31.02

no EMS 13.28 24.64 37.31 45.97 53.02

Table 2 shows the results of our quantitative analysis reporting the waiting
time reduction ∆w considering the whole network of EDs. Such values are com-
puted as follows: for a given dispatching policy i = 0, 1, we compute the average
waiting time wij for each ED j = 1, . . . , 49, and then we set WPi equals to the
average of all the values wij ; finally, ∆w = WP1 −WP0 . Note that P1 is better
than P0 when ∆w > 0.

The results prove a general improvements of the waiting times, which im-
proves further as soon as the percentage of the patients transported by the EMS
increases. It is worth noting that the different results for each different instances
depend on the different composition of the emergency demand reported in Ta-
ble 1 (see, e.g., the last column reporting the percentage of the accesses to an
ED belonging to a cluster).

Table 3 shows the results of our quantitative analysis reporting the waiting
time reduction considering the cluster C1, that is the bigger one in terms of
both the number of EDs and the number of accesses. Although the general
improvement is inferior than those for the whole network, such results confirm
the comments done for the whole network.



Table 3. P1 vs. P0, cluster C1: waiting time reduction ∆w in minutes.

pE 7% 12% 17% 22% 27% avg. ∆w

all 11.88 19.75 22.96 24.24 27.55 21.28
Jan EMS 30.81 29.65 24.95 22.54 24.52 26.49

no EMS 2.63 7.74 9.03 9.02 12.11 8.10
all -3.15 -1.11 1.66 4.57 6.64 1.72

Feb EMS 6.41 5.40 5.06 5.86 7.27 6.00
no EMS -9.57 -9.80 -8.32 -6.37 -4.85 -7.78

all 2.19 14.53 36.13 46.32 51.54 30.14
Jun EMS 9.89 15.69 29.30 36.75 42.02 26.73

no EMS -2.19 9.17 31.60 42.18 47.85 25.72
all 8.43 11.60 11.96 10.58 8.86 10.29

Jul EMS -0.76 6.17 9.52 9.87 9.47 6.85
no EMS 12.59 16.96 18.11 17.17 15.89 16.14

all 4.84 11.19 18.18 21.43 23.65
avg. ∆w EMS 11.59 14.23 17.21 18.75 20.82

no EMS 0.87 6.02 12.60 15.50 17.75

5 Conclusions and future developments

We presented a two-phase DES model to evaluate the dispatching policies for the
regional network of emergency departments powered by the knowledge provided
by the analysis of regional health care big data. The model has been tested on
the case study of the Piedmont in Italy showing that there is room to improve
its efficiency. Further, we observed that such an improvement is more significant
as soon as the percentage of the patients transported by the EMS increases. This
remark has an evident managerial implication that would not have been possible
without an analysis of the entire ED network.

More generally, the results showed the effectiveness of the proposed approach
in terms of the capability of modelling a whole health care system through a
discrete event simulation approach, which exploits the availability of the health
care big data. As discussed in [16, 17], there could be a significant difference
between the formal description of the health system and the its real functioning.
To overcome this modelling problem, our idea is to retrieve a picture of the
system from the big data through the dynamic estimation of the parameters,
which allow to fit the model on a given time horizon replicating both the patients
flow and their management.

Future developments will be follow two main research lines. The first one
is to improve the current model adding a more detailed representation of the
transportation network and predictive dispatching policies. The second one is to
validate such a methodological approach on a more complex health care network,
such as those of the hospitals with their specialties.
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10. Ozcan, Y., Tànfani, E., Testi, A.: Improving the performance of surgery-based
clinical pathways: a simulation-optimization approach. Health Care Manag Sc 20,
1–15 (2017)

11. Panella, M., Marchisio, S., Stanislao, F.: Reducing clinical variations with clinical
pathways: Do pathways work? Int J Qual Health C 15, 509–521 (2003)

12. Proudlove, N., Black, S., Fletcher, A.: OR and the challenge to improve the NHS:
Modelling for insight and improvement in in-patient flows. J Oper Res Soc 58(2),
145–158 (2007)

13. Rotter, T., Kinsman, L., James, E., Machotta, A., Gothe, H., Willis, J., Snow, P.,
Kugler, J.: Clinical pathways: effects on professional practice, patient outcomes,
length of stay and hospital costs (review). The Cochrane Library 7 (2010)

14. Setzler, H., Saydam, C., Park, S.: EMS call volume predictions: A comparative
study. Comput Oper Res 36(6), 1843–1851 (2009)

15. Vanderby, S., Carter, M.: An evaluation of the applicability of system dynamics to
patient flow modelling. J Oper Res Soc 61(11), 1572–1581 (2010)

16. Wolstenholme, E.: A patient flow perspective of u.k. health services: Exploring
the case for new ”intermediate care” initiatives. Syst Dynam Rev 15(3), 253–271
(1999)

17. Wolstenholme, E., Monk, D., McKelvie, D., Arnold, S.: Coping but not coping in
health and social care: Masking the reality of running organisations beyond safe
design capacity. Syst Dynam Rev 23(4), 371–389 (2007)


