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Abstract. Modern healthcare systems are evolving towards a complex network
of interconnected services. The increasing costs and the conversely increased
expectations for high service levels leveraged the birth of healthcare monitoring
activities and the proposition of numerous performance evaluation indicators.
Generally, the adopted performance measures allow to draw a picture of
quality, equity, appropriateness and efficiency of the medical care at different
levels: caregiver, hospital, local health authority, region. The role of network
organization and its impact on the performances is largely underestimated. It is
difficult to build a Value Stream Mapping of the healthcare network because of
the number and complexity of care and diseases followed. The study tries to
overcome this issue. Starting from a database of the accesses to the services in a
local health agency, the activity flow diagram is produced by using a process
mining software, Disco. A knowledge structured by means of an ontology
allows to describe the logic behind the health service provision. The resulting
process flow chart is the base for the identification and amendment of
redundant and non value added flows among services.
Keywords: Process mining, healthcare network, ontology.

1 Introduction
Worldwide there is an increasing number of initiatives aimed at introducing a
standardized and centralized information management in healthcare organizations
(hospitals, medical centers, drugstores) through digitalization of medical data. It is
proven that digital tools like the electronic health records provide benefits to both
patients and physicians by improving health care efficiency [1]. The availability of the
medical history of the patient's accesses to medical centers will allow both the
physicians to express meaningful analyses at the patient level (e.g., searching for
similar patients based on their medical history or predicting future events in care
pathway) and the system manager to operate at the organizational level (e.g.,
discovering which are the most accessed resources or which are the anomalous
managements of patients) [2]. Therefore the analyses are intended to improve the
quality of services offered to citizens while to reducing costs and wastes. Since the
data volume is very high, and it is expected to grow dramatically in the years ahead,
for healthcare organizations it is vitally important to acquire the available tools,
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infrastructure, and techniques to leverage big data effectively. The enormity and
complexity of collected medical data present great challenges [3].
The format of medical data and the data base structure is a serious issue preventing
their use for operation managements applications. Data describe the healing pathway
of the patient and do not give direct evidence of the process flow in terms of process
times, queues, unproductive times, etc. To have a better insight of the process flow,
data should be elaborated by process mining.
Process mining aims at extracting process knowledge from event logs which may
originate from different kinds of systems, e.g., enterprise information systems or
hospital information systems [4]. Typically, these event logs contain information
about the start/completion of process steps together with related context data (e.g.
actors and resources). Previous works addressed the problem of analyzing single
entities (e.g., a hospital department) by applying techniques of data/process mining
and simulation [4,5,6,7]. In these cases, existing processes are compared with the
medical knowledge to determine whether the pathway of a patient within the structure
is correct. However, the analysis of a single entity is limitative, because it does not
consider the previous history of the patient and thus it is not able to evaluate the
quality of the healthcare system as a whole.
Before applying the process mining techniques, it is important to merge data of
different nature to collect the patient movements inside the network. In order to merge
heterogeneous data, we need a controlled vocabulary in term of set of ontologies to
give data a meaning despite the different original data structure. After the merge of
data, it is possible to apply a process mining tool, to automatically reconstruct the
movements of patients inside the network. This analysis is useful both to analyse the
changes in patient flows depending on age or gender of patients and to discover the
bottleneck and waste of the system, toward a lean restructuring of the healthcare
process.
The overall objective of this paper is to contribute in giving medical managers an
accurate and deep understanding of the healthcare network functioning. There are
several contributions: the first contribution is the definition of an ontology of the
healthcare network: general concepts and relationships. Then, starting from the data
organized in the model, the process mining analysis is used to extract information for
the network evaluation. To make the methodology more concrete, the real data
collected by an Italian Healthcare Territorial Agency (HTA) is exploited as a case
study. The preliminary results we obtained proved the applicability and the usefulness
of the proposed approach.

2 State of the Art
There is an evolving trend in recent years that has modified the healthcare system
from a few nodes hospital based organization to a branched network of service centers
spread on the territory [8]. Furthermore the approach to disease treatment is now
based on integration among the different agents of the care system. Therefore there is
a convergent trend towards a network of centers that delivery integrated care [9].
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The integration of different aspects of healthcare system has been a subject of study
by many authors in the field of operations management [10-12] and several authors
highlighted the benefits of integration both in terms of quality of care as in terms of
lean organization [13-15]. Drawbacks are equally reported but are mainly due to lack
of cooperation and commitment of the healthcare personnel [16-17].
The analysis of healthcare network by using the operations management models is
not effective as in the industrial environment where the process activities and the flow
of material are utterly defined. The production is substituted by care pathway, that is
far less deterministic. Products are substituted by patients that are free to move along
the process flow at their will (or even to abandon care and consequently interrupt the
flow of activities). To extract performance variables to be a guidance in the process
management, it is necessary to have recourse to other methods, like data mining
techniques [18,19]. If time is not a monitored output, the focus is on pattern extraction
in order to detect the most frequent medical treatments undergone by patients [20-22].
These techniques do not give a comprehensive view of the processes in act in the
healthcare systems.
On the other hand, process mining can be applied to healthcare data to identify the
processes and derive meaningful insights from the complex temporal relationships
existing between activities and resources involved in processes [23]. For example,
process mining was applied to a hospital emergency service in a public hospital in
Portugal to identify regular behavior, process variants, and exceptional medical cases
in [24], and to a hospital in Belgium to model the activities related to breast cancer
treatment in [25]. It was also applied to perform a comparative analysis across four
hospitals in Australia [23]. We follow these previous works, but we applied process
mining to extract the movements of patients among the different centers of a
Healthcare Territorial Agency (HTA), in order to perform a comparative analysis
among different patient segments.

3 Healthcare Network Ontology
The ontology used in our work has two aims: firstly to model the entities and
relationships needed to collect data coming from a healthcare network, and secondly
to provide the controlled vocabulary in order to merge data coming from
heterogeneous sources. For the first aim, we define a model as a UML class diagram,
after the carefully analysis of the data available in Italian HTA. For the second aim,
we reused the controlled vocabularies previously developed relevant for our purpose,
i.e., ICD10 [26] for disease classification, MDC [27] for the major diagnostic
categories, DRG [28] for diagnosis related group and ATC [29] for drug
classification.
The UML class diagram representing the healthcare data collected by the HTA is
reported in Figure 2. A service is any kind of healthcare service provided to a citizen,
form examinations to drugs to hospitalizations, while a user is any person who access
the healthcare system. A prescriber is a physician who can do prescription of services
to the users, while a provider is a structure that provides one or more services. For
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each provider, the list of services it provides is known. A prescription represents the
information of the specific services that a prescriber prescribes to a user, and a
provision stores the information of services provided by providers to the users. This is
a very general model that is valid for all the healthcare territorial agency [30].

Fig. 1. Main entities of the healthcare network ontology.

This UML class diagram can be represented in the form of an ontology, where
each entity is a class, with the corresponding relationships linking the classes. Then,
for each entity, it is possible to specify the hierarchical tree of concepts at increasing
detail levels which represent the knowledge related to the services, providers, users
and prescribers of the HTA [31]. This information constitutes the HTA ontology that
will be used to select the data of interest for the following analysis.
In a HTA, three types of providers can be identified: (i) the medical centers
without hospitalization capacities, (ii) the hospitals and (iii) the drugstores. The
existence of three providers determine the existence of three type of services, i.e., (i)
the examinations, (ii) the hospitalizations and (iii) the drugs. For each kind of service,
a further hierarchy can be defined. The examinations can be further specified based
on the medical branch they belong, the hospitalizations based on the diagnosis-related
group (DRG) and the major diagnostic category (MDC), the drugs based on the
anatomical therapeutic chemical (ATC) classification. The prescribers can be divided
in two categories, i.e., the general physician and the specialist physician. The users
can be divided based on their pathology, represented by their exemptions code. These
hierarchical structures are shown in Fig.2.
The information stored in the ontology is used to extract from the database the
subset of data relevant for the analysis.
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Fig. 2. Hierarchical levels of the healthcare network ontology, built with the Protégé ontology
editor (http://protege.stanford.edu).
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4 Process Mining
The goal of process mining is to extract process models from event logs. It includes a
family of a-posteriori analysis techniques exploiting the information recorded in the
event logs. Typically, these approaches assume that it is possible to sequentially
record events such that each event refers to an activity (i.e., a well-defined step in the
process) and is related to a particular case (i.e., a process instance). Furthermore,
some mining techniques use additional information such as the performer or
originator of the event (i.e., the person/resource executing or initiating the activity),
the timestamp of the event, or data elements recorded with the event (e.g., the size of
an order).
Process mining was already applied in healthcare systems, trying to answer the
following questions: (i) what are the most followed paths and what exceptional paths
are followed? (ii) are there differences in care paths followed by different patient
groups? Standard paths are the activities that are typically executed by patients and
the order of them. Exceptional paths are anomalous activities due to the way of
working of medical specialists or related to specific patient characteristics or not. The
comparison of the behavior of different patient groups is another interesting issue.
This comparison may not only be interesting for patient groups within a hospital but
also for similar patient groups in different hospitals.
In this paper, we applied process mining techniques to reconstruct the actual
movements of patients among the providers of a Healthcare Territorial Agency. To
this aim, we exploit the software Disco (https://fluxicon.com/disco/), a commercial
process mining tool, freely available under an academic license. It exploits the Fuzzy
Miner algorithm for process mining [32], which uses significance/correlation metrics
to interactively simplify the process model at desired level of abstraction.
The core functionality of this tool is the automated discovery of process maps by
interpreting the sequences of activities in the imported log file. According to the
process mining paradigm, at least the following three elements have to be identified in
the file log: case id, activity, and timestamp. In our analysis, since we are interested in
analyzing the movements of patients among the providers, the case id corresponds to
the patient id. The activity is an event of the process, thus in our case it is the provider
visited by the patient. The timestamp is the date in which the patient visits the
provider.

5 Data Analysis
The database considered as a case study contains data collected by an Italian HTA in
the 2007-2012 years. Indeed, the HTAs collect data about the supplied services for
cost accounting. Supplied service data represent an essential resource in planning and
monitoring the Regional Healthcare System. Data for the analysis of diagnostic
pathway are selected from the data warehouse: Hospital Discharge Records,
Ambulatory Care Records, Emergency Department Records, Ambulatory Care
Records. They are composed of personal data and clinical data section, so that it was
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possible to merge anonymized personal and clinical data, to collect all databases in a
single MySQL database by means of a PHP routine that automatically import data.
In order to focus our study on a specific pathology, we extracted from the database
the log file of all the patients suffering from asthma for year 2007. The aim is to
analyze the mobility of patients across the different medical centers placed on the
territory. The data refer to a total of 451 asthma patients who accessed medical
centers, divided in 207 males and 244 females. Regarding the age of patients, 155 are
younger than 36 years, 333 are between 36 and 65 years old, and 63 are older than 65
years.
Before attempting any process mining it was necessary to preprocess the data in
order to simplify them, by skipping unnecessary low level activities and by merging
the significant low level activities in singular high level ones. We used the knowledge
deriving from the ontology of section 3 to preprocess the data. An example is the log
describing the accesses to a laboratory for executing analyses. Whether the analyses
are executed on the same patient, the same day, for the sake of operations
management, they can be safely converted in a singular access to one activity.
After preprocessing, we performed two alternative segmentations of the dataset,
one based on gender and the other one based on age, in order to highlight the effect of
both factors on the process flow diagram. Each segment was imported in Disco to
perform the process mining. For readability reasons, only the 30% of activities
involved and the 10% of the path between activities are shown in the results. These
percentage grant to cover at least the 90% of the data, since there are many centers
that are accessed only one or two times, and thus are not relevant for the analysis.
From the analysis of the first segmentation, it can be noticed that the some
similarities exist between the two obtained graphs (Fig.3 and Fig.4). The first one is
that in both cases there is a “hub center” which is the most accessed by both genders,
since the majority of patients perform examinations only in this center. Another
similarity is that the processes usually do not involve more than two different centers
(the hub center and one of the other centers). Despite these similarities, the graphs
also show some differences. First of all, the number of visited centers is different:
male patients visit 12 different centers, while female patients visit 21 different
centers, thus showing a higher mobility of female patients.

Fig. 3. Process flow extracted by Disco on the male segment, all the ages considered.
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Fig. 4. Process flow extracted by Disco on the female segment, all the ages considered.

Also the frequency of accesses is different. Fig.5 reports the number of accesses
to each center for the male segment and the female segment (the hub center is not
reported since its accesses are significantly higher than the others: 1348 for male and
1820 for female). Furthermore, the majority of male processes follow the path “hub
center - other center - hub center”, while the female process follow various paths,
starting for a center, then passing the hub center, followed by another center.

Fig. 5. Different numbers of accesses to medical centers by male patients (blue bar at the left)
and female patients (red bar at the right).

From the analysis of the second segmentation (Fig.6-Fig.8), it can be noticed that
the process extracted from the adult segment is the one which includes the higher
number of different centers visited by patients and also the longest pathways
involving different centers. The process extracted from the senior segment include
less centers and shortest paths. This can be due to the low mobility of elder patients
with respect to the others. The number of accesses to medical centers of each of these
three segments is reported in Fig. 9.
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Fig. 6. Process flow extracted by Disco on the young segment for all the genders.

Fig. 7. Process extracted by Disco on the adult segment for all the genders.

Fig. 8. Process flow extracted by Disco on the senior segment for all the genders.
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Fig. 9. Different numbers of accesses to the medical centers by young patients (first bar), adult
patients (second bar) and senior patients (third bar).

6 Conclusion
The evaluation of a health network is a complex task because the management of
patients is done by entities not controlled by a central unit, with the result that
guidelines for the evaluation of the diagnostic and therapeutic pathways through the
network are not available.
This paper aims at adapting tools and technologies derived from other research
fields and using them firstly to obtain a model of a healthcare network, and secondly
to perform a meaningful analysis of the mass of data produced by a healthcare
network. The obtained results can be useful for healthcare managers to inform them
clearly about the status of services under their responsibility, and to suggest
improvements to system inefficiencies. It is also useful to evaluate the degree of
collaboration among the different entities of the network.
We are currently working on extending the analysis to involve different kind of
entities, and to explore different mining algorithms to refine the extracted model.
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