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ABSTRACT Healthcare organizations are under increasing pressure to improve productivity, gain competi-
tive advantage and reduce costs. In many cases, despite management already gained some kind of qualitative
intuition about inefficiencies and possible bottlenecks related to the enactment of patients’ careflows, it does
not have the right tools to extract knowledge from available data and make decisions based on a quantitative
analysis. To tackle this issue, starting from a real case study conducted in San Carlo di Nancy hospital in
Rome (Italy), this article presents the results of a process mining project in the healthcare domain. Process
mining techniques are here used to infer meaningful knowledge about the patient careflows from raw event
logs consisting of clinical data stored by the hospital information systems. These event logs are analyzed
using the ProM framework from three different perspectives: the control flow perspective, the organizational
perspective and the performance perspective. The results on the proposed case study show that process
mining provided useful insights for the governance of the hospital. In particular, we were able to provide
answers to the management of the hospital concerning the value of last investments, and the temporal
distribution of abandonments from emergency room and exams without reservation.

INDEX TERMS Healthcare, process mining, ProM.

I. INTRODUCTION
Nowadays, hospitals try to streamline their processes to
deliver high quality care improving revenues and reducing
costs. If, on the one hand, hospitals are subject to more and
more pressure to work in the most efficient way possible,
on the other hand, a growth in the demand for care is expected,
especially due to an increasingly aging population. A com-
plicating factor is that healthcare is characterized by highly
complex and extremely variable patient care processes, also
referred to as careflows [1]. In healthcare organizations,
a wide range of careflows with different characteristics and
requirements are daily managed and executed. The delivery
of complex care may involve several departments and orga-
nizations, and requires an active collaboration between dif-
ferent professionals and practitioners having heterogeneous
skills. Additionally, traces of executions of careflows are
available in information systems in the form of raw system
logs, which make it difficult for the management of a hospital
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to have a quantitative awareness of the inefficiencies and
bottlenecks related to the enactment of careflows, preventing
it to transform its qualitative intuitions into governance coun-
termeasures. As a consequence, healthcare is recognized as
one of the most promising, yet challenging, domains for the
adoption of process-oriented solutions [2]–[4].

In this direction, we present in this article a process
mining project performed in the healthcare domain, specif-
ically in San Carlo di Nancy hospital located in Rome,
Italy. The motivation behind the use of process mining tech-
niques relies on the availability of system logs recording
the execution traces of the careflows concretely enacted
in the hospital. This makes process mining solutions as
the best possible candidates to discovering and diagnos-
ing such kinds of healthcare processes. To properly con-
duct the project, we have followed the well-established PM2

methodology [5] and employed the open-source process min-
ing framework ProM [6], with the aim to infer meaningful
knowledge about the patient careflows from the event logs
obtained by the clinical data stored in the hospital information
systems.
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Process mining aims at extracting process knowledge from
event logs in order to discover, for example, both typical paths
followed by particular groups of patients and strong collabo-
ration between different hospitalization wards.We performed
several analysis under (i) the control flow perspective, which
focuses on the different activities carried out by patients dur-
ing the careflows, (ii) the organizational perspective, which
describes the relationship between the hospital resources
through social networks, and (iii) the performance perspec-
tive, which looks at the timing perspective of the different
activities involved in the patient careflows.

We analyzed three different datasets, corresponding to
three different clinical processes (i.e., ‘Outpatient Clinic’,
‘Emergency Room’ and ‘Hospitalizations’), provided by the
hospital in accordance with the privacy regulations. The clin-
ical datasets contain raw data about patients treated in the
year 2017. Provided data are the ones required by the Italian
National Health Service, which any hospital located in Italy
must exchange with the Public Regional Authorities. Thus,
the proposed analysis can be potentially repeated nationwide.
In addition, it is worth to notice we conducted the analy-
sis leveraging just on the available datasets, without having
at hand any pre-defined schema or model describing the
patients’ careflows.

Results obtained on the proposed case study prove the
usefulness of applying process analysis and mining for the
governance of healthcare facilities. In particular, managerial
staff were able to quantitatively evaluate the results of recent
investments, consisting in the construction of a new block of
the hospital, which encourage new investments in the next
future. Additionally, clues have been obtained, which will be
helpful to address the problem of treatment abandonments in
the emergency room.

The rest of the paper is structured as follows. Section II pro-
vides both an overview of process mining and a description
of the ProM framework used to infer process models, social
networks and transition systems from event logs. Section III
reports previous research works applying process mining and
related techniques to healthcare. Section IV describes the
different steps we followed in order to conduct a process
mining project within a hospital context and obtained results.
Finally, Section V provides concluding remarks and threats
to validity.

II. PRELIMINARIES
Process mining is a research area that enables decision mak-
ers to discover process models from event data, compare
expected and actual process behaviours, and enrich/repair
models exploiting information retrieved from data (such as
bottlenecks, deviations from regulations, etc.). Process min-
ing bridges the gap between traditional model-based process
analysis (e.g., process simulation) and data-centric analy-
sis techniques such as machine learning and data mining.
In particular, it describes a family of a-posteriori analysis
techniques exploiting the information recorded in the event
logs.

An event log is a collection of traces, each representing
a process case (i.e., a specific execution or instance of a
process), with each trace represented as sequence of events
(related to process activity executions) ordered by times-
tamp and performed by different resources (humans, software
agents, robots, etc.) involved in the case. Associated to each
event there are somemandatory attributes, such as the activity
name and execution time, and other optional attributes such
as the cost of executing the activity, the lifecycle phase of the
activity (i.e., assigned, started, completed) and the resource
performing it.

In our case study, we have analyzed three different care
processes, each corresponding to a different event log, namely
‘Outpatient Clinic’, ‘Emergency Room’ and ‘Hospitaliza-
tions’. Each trace in any of the available event logs contains
the exact activities performed by a patient and the clinical
treatments s/he underwent in the context of a single execution
of a care process (i.e., of a careflow instance).

Event logs in process mining are usually stored following
the XES (eXtensible Event Stream) IEEE standard [7], which
is supported by the vast majority of process mining tools.
However, available clinical datasets are not usually stored
using this format, thus requiring a preprocessing phase that
we will detail in the following section.

Process mining addresses the needs of most sys-
tem/process owners, which have limited information, or only
intuitions, of what are the performance and the bottlenecks of
the managed processes. This happens because there is often
a significant gap between what is supposed to happen, and
what actually happens. Only a concise assessment of reality,
which process mining strives to deliver, can help at verifying
processes, and ultimately be used in system/process redesign
efforts and governance. The idea behind process mining is to
discover, monitor and improve real processes by extracting
knowledge from event logs.

FIGURE 1 shows how process mining can be applied to the
hospital context. A hospital is a physical facility where differ-
ent resources perform treatments on patients supported by an
HIS (Hospital Information System) distributed on different
kinds of devices ranging from personal computers, tablets and
medical equipment. The work of resources inside the hospital
is driven by some kind of implicitly or explicitly defined
processes, whose instances are recorded in the databases of
the HIS and can be turned into event logs for process mining.
Once event logs are available, they can be used as input for the
different process mining tasks, which are usually classified
in the categories of discovery, conformance checking and
enhancement.
Discovery aims at deriving information about the origi-

nal process model, the organizational context, and execution
properties from event logs, without any a-priori model in
input. Discovery is done under three different perspectives:
• control-flow: given an event log containing a set of
traces, a suitable process model describing the behav-
ior seen in the log will be automatically constructed.
In particular, the process model describes the causal
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FIGURE 1. Application of process mining to the hospital context,
according to [8].

dependencies between activities, focusing on their
orderings. The goal is to find a good characterization
of all possible paths, expressed in terms of a Petri net
or some other flowchart notation (e.g., BPMN, EPC,
YAWL, etc.). In this case we talk of process discovery.
The problem of discovering process models from event
logs has been intensely studied in the past two decades,
leading to a wide range process discovery algorithms
that strike various trade-offs between accuracy, model
complexity, and execution [9]. The quality of a discovery
process model is expressed through four quality criteria:
fitness, precision, generalization and simplicity [10].

• organizational: it focuses on information about
resources hidden in the log, for instance, on who per-
formed which event. This can give insights in the roles
and organizational units or in the relations between
individual performers through a social network, that is,
which actors (people, systems, roles, and departments)
are involved within the system and how are they related
[11]–[14]. The goal is to either structure the organization
by classifying people in terms of roles and organiza-
tional units or to show the social network.

• performance: it graphically shows the bottlenecks and
all kinds of performance indicators, for example,
the average/variance of the total flow time within a
process or the sojourn time of a given event.

Given an available process model (discovered or manually
defined), conformance checking may be used to detect devi-
ations, to locate and explain these deviations, and to measure
the severity of these deviationswith respect to another process
model. Usually, the a-priori model is used as ground truth
representing the reality, and it can be employed to check if
the discovered model conforms to regulations [15]–[17].

Finally, again in the case a process model is available,
enhancement techniques allow to enrich the model with the
insights extracted from the event logs, for example, either
with performance data or with timing information on which
bottlenecks are projected [18], [19].

In this contribution, we specifically focus on the applica-
tion of discovery techniques to allow the management of a
hospital to explicitly identify careflows, diagnose problems
and set improvement initiatives for governance purposes,
by making decisions based on quantitative analysis of per-
formance.

III. RELATED WORK
The application of process mining in the healthcare domain
is currently an already tackled field, with several case stud-
ies available. Authors in [8] presents a literature review
of 74 papers describing several case studies that show the
feasibility of process mining techniques in the healthcare
domain. For instance, among them, authors in [20] employ
some process discovery algorithms implemented in the ProM
framework to derive relevant knowledge about a gyneco-
logical oncology process in a Dutch hospital In [21], pro-
cess mining techniques are applied to infer detailed process
knowledge from a real case of dental process. The work [22]
uses process mining techniques to discover the procedures
for treating stroke patients in four different italian hospitals.
Here the authors have focused just on the control-flow per-
spective without considering the organizational and perfor-
mance perspectives. In addition, Bose and van der Aalst [23]
evaluated the applicability of process mining techniques on
a real-life event log, taken from a Dutch Academic Hospital,
that contains events related to treatment and diagnosis steps
for patients diagnosed with cancer.

Some authors conducted their case studies relying on tools
different than ProM. For instance, the work [24] presents a
case study carried on with Disco.1 The authors started from
a database of the accesses to the services in a local health
agency, and produced the activity flow diagram describing
these services. In [25], the authors presented a case study
formalized with the Declare language [26], with the aim to to
show that declarative models are more suitable than imper-
ative ones for describing care processes, which are usually
highly unpredictable and unstable. The techniques have been
applied in the urology department of the Isala hospital in the
Netherlands.

Differently from the previous works, some contributions
have introduced new process mining methodologies and
methods to be applied on real cases of care processes. For
example, in [27], a novel method for providing recommen-
dations in cases of diabetic treatment is implemented. The
method combines knowledge management and process min-
ing. The work [28] proposes a novel method to create a
similarity metric that is efficient in downgrading the effect
of noise and outliers, applied to a real case of a health care

1https://fluxicon.com/disco/
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institution. The authors of [29] design and develop an inter-
active visual analytic process discovery tool to explore clin-
ical data from 5784 pediatric asthma emergency department
patients. Similarly, the authors of [30] design and implement
a Surgical Workflow Management System (SWFMS) that
can provide a robust guidance for surgical activities. In [31],
a novel event log based approach for extracting valuable
medical and organizational information on past executions
of the care processes is presented. The work [32] proposes
the Clinical Pathway Analysis Method (CPAM) approach
that enables the extraction of valuable organizational and
medical information on past clinical pathway executions from
the event logs of healthcare information systems. The work
[33] proposes a data analysis methodology, based on process
mining, focusing on the extraction of tangible insights from
clinical pathway data by adopting both a drill up and a
drill down perspective. In [34], a methodology to perform
process diagnostics, based on process mining, was imple-
mented and applied on a case study for a Dutch governmental
organization. In [35], a clinical pathway analysis method for
extracting valuable medical and organizational information
on past diagnosis-treatment cycles is proposed. The method
is applied on the clinical pathway processes of a Gynecologic
Oncology Department in Belgium. The work [36] proposes
a process-oriented methodology for evaluating the impact of
IT on two dental processes in Netherlands. Finally, the paper
[37] introduces a methodology for the application of process
mining techniques that leads to the identification of regular
behavior, process variants, and exceptional medical cases.

Similarly to the existing case studies, our work presents
a process mining project where data are coming from a
non-trivial care process of San Carlo di Nancy hospital in
Rome. We conducted the case study following the PM2 [5]
methodology, in order to gain insights about the patients
careflows looking at three different perspectives: the control-
flow, the organizational and the performance perspective.
Even though this is a methodology followed by many of
the above mentioned works, each case study has its own
distinctive traits, which require a specific approach consisting
of selected algorithms and configuration parameters. Addi-
tionally, the dataset preprocessing phase is fundamental in
order to avoid erroneous deductions due to different kinds of
errors in original data.

IV. CONTEXT, METHODOLOGY AND RESULTS
In healthcare organizations, a wide range of care pro-
cesses with different characteristics and requirements are
daily managed and enacted. Specifically, the overall care
process related to patient management combines organiza-
tional/administrative tasks and clinical procedures. In the
context of our collaboration with a research group of San
Carlo di Nancy hospital , we leveraged the PM2 methodol-
ogy [5] (cf. FIGURE 2) to rigorously conduct the process
mining project. The PM2 methodology consists of six stages,
whose instantiation in the range of the case study will be
thoroughly discussed in the next subsections: (i) planning,

FIGURE 2. An overview of the PM2 approach.

(ii) data processing, (iii) data extraction, (iv) mining & anal-
ysis, (v) evaluation, and (vi) process improvement & support.

A. PLANNING
The objective of the planning phase is to set up the project.
To this aim, the first activity is to identify management needs.
The goal of the hospital was to gain insight about the different
careflows related to: (i) the procedure for the provision of a
healthcare service, (ii) the procedure of patients arriving in
emergency room, and (iii) the hospitalization procedure of
patients.

Noteworthy, the hospital management had no previous
experience with process mining. To cope whit this, a full-
day of process mining lectures was organized to improve the
understanding of (care) processes and process mining from
the hospital management. A basic understanding of process
mining has proved to be beneficial for the hospital manage-
ment, as it filled the communicative gap, making them able
to elicit specific questions and to preside the analysis over the
different process mining stages.

B. DATA PROCESSING
The hospital provided us with three clinical datasets:

• Outpatient clinic: each row of the dataset stores the
information about a single clinic service associated to a
patient. A patient with a medical prescription related to
a specific healthcare service can go in the corresponding
outpatient clinic either with or without the reservation.
The total number of records stored within the dataset
amounts to 299685.

• Emergency room: each row of the dataset represents a
single emergency room activity associated to a patient.
Once arrived in emergency room, a patient undergoes a
first diagnosis and then, depending on the outcome, s/he
could be: (i) sent home, (ii) hospitalized, or (iii) trans-
ferred to another institute. The total number of records
stored within the dataset amounts to 22043.

• Hospitalizations: each row of the dataset represents a
single hospitalization associated to a patient. Patients
may undergo surgery or may receive other types of
clinical procedures. The access to hospitalization wards

VOLUME 8, 2020 186015



S. Agostinelli et al.: Supporting Governance in Healthcare Through Process Mining: A Case Study

TABLE 1. Excerpts from the dataset in the intermediate CSV format.

can take place in different ways. The total number of
records stored within the dataset is of 10843 records.

The original datasets contained a sequence of rows con-
sisting of fields whose values were encoded. Additionally,
data contained several dirty records consisting of incorrect,
missing, imprecise and/or irrelevant data and duplicates. Due
to these issues, we converted the datasets from TXT format
into and intermediate CSV format in order to filter out the
aforementioned issues.

Table 1 shows excerpts of the three intermediate CSV
datasets. For each dataset only a small subset of fields is
show for the sake of readability. The set of available fields
is different for each dataset.

C. DATA EXTRACTION
After cleaning the datasets, the extraction stage aims at
extracting event data from the raw data. To achieve such
objective, the PM2 methodology suggests to answer the fol-
lowing questions: (i) which is the granularity of the extracted
events? (ii) which time period should be considered? (iii)
which data attributes should be extracted? (iv) how should
data fields be correlated?

This phase, also called scoping, is critical and high risk,
being it completely manual, tailored on the specific data
source and affecting all the downstream phases. In order
to build the event logs, there is the need to understand the
relevance, the granularity and the variability of each data field
of the clinical datasets. Pie charts can be useful to this end,
helping the enumeration of all the possible values that a data
field can assume. In this way, it is possible to understand
to which fields it is possible to associate the concept of
event.

Once scoping was completed, three event logs were gen-
erated, one for each dataset, by making a correspondence
between certain fields and events. Each source dataset row
can indeed correspond to multiple events, as clinical activ-
ities are denoted by date fields and specific activity codes.
Looking at Table 1, examples of such fields can be found.

FIGURE 3. Scoping the healthcare provision event.

FIGURE 3 shows an example of how such correspondence
between fields and events can be obtained. Starting from the
data field ‘healthcare provision date’, it is possible to create
the healthcare provision activity associated with a case id
(the encrypted fiscal code of the patient concatenated with
a sequential number), with a timestamp (the value of the raw
data field ‘healthcare provision date’), and with the resource
that is executing the event. This approach is used for the
remaining data fields of the datasets on which was possible to
associate the concept of event. Finally, each event is encoded
accordingly to the XES standard.

D. MINING & ANALYSIS
In this phase, we applied process mining and process analyt-
ics techniques on the three XES event logs obtained through
data processing and extraction from the original clinical
datasets.

In order to apply process mining, different frameworks
and toolkits do exist. In this article, we employed ProM [6],
an extensible open-source framework where various process
mining algorithms, in the form of plugins, have been imple-
mented. It is platform independent as it is realized in Java. The
framework provides easy to use user interface functionality,
a variety of model type implementations (Petri nets, BPMN
notations, YAWL, etc.), the loading and filtering of event
logs, several mining algorithms to be applied and the corre-
sponding visualization of results. Notably, ProM allows the
chaining of different plugins to obtain complex result starting
from one or more complaint objects (i.e., event logs, process
models, etc.). In the majority of cases, the starting input is an
simple event log expressed in the XES format.
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TABLE 2. List ProM 6.7 plug-ins employed to perform analysis.

For the analysis task, we employed ProM version 6.72

and Table 2 shows the specific plugins employed for the
conducting the experiments discussed in the next sections.
In particular:
• Different kinds of filtering and visualization algorithms
have been employed to focus the analysis on certain
process cases, according to attribute values. In particular,
we employed (i) the Simple log filter plugin, which
filters the XES log by combining a number of simple
heuristics that can be configured individually using a
wizard, (ii) the Time based log filter plugin, which filters
out traces according to a specific time range selection,
(iii) the Explore event log plugin, which allows a graph-
ical visualization of traces of events, e.g., coloring events
by event classes or sort traces by length, and (iv) the
Log visualizer plugin, which allows the visualization
and inspection of event logs, e.g., the number of traces
and events or the number of resources performing the
events.

• Process discovery is performed using the Inductive
Visual Miner [38], [39] when the focus is on the process
structure. This algorithm produces a graph as output that
describes, through a graphical notation, the behaviour
of the patients and hospital resources involved in the
careflows. The graph can be potentially converted in a
BPMN diagram.

• To investigate the conditions that trigger the process
moving from one state to another, we employed the
Transition System miner [40]–[42]. This plugin pro-
duces as an output a transition system that can be
then enriched, for example, with the Transition Sys-
tem analyzer [40], [41], [43] to add information about
(i) how much time is required to execute an activity;
(ii) how much time is spent to reach an activity from the
beginning of the care process and (iii) how much time
is remaining in order to complete the careflow from a
specific activity.

• When the interaction between resources is of interest,
the Social network miner [45], [46] has been employed.

2http://www.promtools.org/doku.php?id=prom67

• If events must be represented directly, the ‘‘Dotted chart
analysis’’ plugin [44] has been used.

Initially, we focused on gaining general insights about
the careflows. In particular, different views (versions of the
dataset) have been created, by varying the definition of event.
This is due to a limitation of the XES standard, and in
particular in its organizational extension 3 with respect to the
notion of resource. This extension and, as a consequence, all
the process mining algorithms currently available in ProM,
allow to associate to each event a single resource.

Conversely, in hospitals, there are often different resources
involved in each activity and, as a consequence, associated to
each event: human resources (of different categories), instru-
mental resources and infrastructural resources. To cope with
this lack, we created different views of the same event data,
resulting in different XES event logs, in which the concept of
event was associated with the activity performed or with the
infrastructural resource involved. This allowed us to analyze
the careflows both in terms of the clinical path followed
by the patients and in terms of physical movements within
the hospital facilities (i.e., emergency room, hospitalization
wards, and operating rooms).

This first analysis has not identified phenomena or aspects
unknown to the hospital management. However, it has been
possible to quantify a lot of aspects and issues previously
known at qualitative level only.

Following these outcomes, the management of San Carlo
di Nancy hospital elicited several specific questions about
aspects to be further inspected:

• Q1: An in-depth analysis of the outpatient clinic services
provided by the radiology department. Additionally,
the distribution over time of patients without reservation
was needed.

• Q2: What is the temporal distribution of the patients’
abandonments from the emergency room before or in
the middle the medical examination? The goal declared
by the hospital management is to adequately adapt its
resources to decrease the number of such drop-outs by

3See http://www.xes-standard.org/org.xesext
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FIGURE 4. Outpatient clinic - radiology department.

bringing as many people as possible to the end of medi-
cal examinations.

• Q3: Is the performance of the newly introduced opera-
tive block4 better than the pre-existing operative block?
In case a lower average duration of surgical interventions
is confirmed, the technological and logistic features of
the new block could be replicated in the pre-existing
operative block.

1) Q1 - OUTPATIENT CLINIC - RADIOLOGY DEPARTMENT
The XES event log derived from the outpatient clinic dataset
contains activities of three categories, namely (i) the emission

4A block is a building of the hospital.

of the medical prescriptions, (ii) the booking of healthcare
services, and (iii) the execution of these services. Each of the
service is performed by a different sub-department. Since the
event log contains all the healthcare services of the hospital,
we filtered it by considering only those provided by the
radiology department thanks to the ‘‘Simple log filter’’ plugin
of ProM.

Among the different discovery algorithms in ProM, here
the Inductive Visual miner was employed because it produces
structured models and it is able to recognize repetitions of
activities of single cases. FIGURE 4a shows the resulting
process represented as a BPMN diagram, where we only
focus on service execution activities. Here, it is possible
to see the number of patients involved in each radiology
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FIGURE 5. The ‘disappeared’ phenomenon.

sub-department. In the observed period, a total of 7912 people
used the services of the radiology laboratory. In particular,
1052 patients passed through the Orthopaedic Cast room,
1362 through BMD - Bone Mineral Density, 1674 through
CAT - Computerized Axial Tomography, 2700 through Eco 2,
and 2355 through Ultrasound Radiology, with possibly the
very same service repeated on the same patient multiple times
(e.g., 1049 patients repeated the ECO 2 analysis).

Through social networks analysis (see FIGURE 4b) it
emerged that patients can potentially use all resources within
the radiology outpatient clinic. The social network shows that
the relationships between the resources are many-to-many,
which means that the observed dataset describes an interac-
tion between all the possible pairs of resources provided in
the dataset.

Of the total 7912 patients, 1398 people did not ask for a
reservation. This can be easily detected, by looking at those
traces not including a service reservation activity. In order
to gain insight about the year distribution of the healthcare
services provided without a reservation, within the radiology
department, we exploited the ‘‘Dotted Chart Analysis’’ plu-
gin. FIGURE 4c shows on the vertical axis sample case ids,

ordered by appearance time, whereas on the horizontal axis
the date is shown ranging from December 2015 to Decem-
ber 2016. In the graph, every dot represents a single treated
patient. Looking at the distribution of these 1398 people
during the observation year, it is possible to see how the level
of effort remains constant throughout the year, but with a
more pronounced decline in the middle of summer.

2) Q2 - EMERGENCY ROOM - PATIENTS’ ABANDONMENTS
With respect to emergency room activities, we focused on
the phenomenon of patients leaving the emergency room
before or while the medical examination. The XES Event log
derived from the ‘Emergency room’ clinical dataset contains
the following types of activities: (i) the arrival of the patient in
the emergency room, (ii) the medical examination and (iii) all
the possible outcomes of a medical examination.

FIGURE 5a depicts the careflow mined with the ‘‘Induc-
tive Visual miner’’ plugin (this time no BPMN representation
has been extracted). In total, 857 patients leave the emergency
room before the medical examination (denoted with the ‘‘dis-
appeared’’ activity) and 477 in the middle of it (denoted with
the ‘go away’ activity).

VOLUME 8, 2020 186019



S. Agostinelli et al.: Supporting Governance in Healthcare Through Process Mining: A Case Study

FIGURE 6. The ‘go away’ phenomenon.

For a further investigation, as requested by the hospital
management, we leveraged on process analytic techniques in
order to study the hourly distribution of the 857 ‘disappeared’
patients. FIGURE 5b shows the number of patients leaving
the emergency room before the medical examination, for
each hour of the day. Instead, the distribution of the max-
imum waiting time before leaving the emergency room is
depicted in this FIGURE 5c. Looking at the distribution of the
maximum waiting time, we had 151 cases of abandonment
after a maximum waiting time of 48 minutes, 179 cases of
abandonment after a waiting time ranging from 48 minutes
to 92 minutes, 152 cases of abandonment after a waiting time
that goes from 93 minutes to 138 minutes, and so on and so
forth.

Concerning the ‘go away’ phenomenon, the number of
patients involved are 477. Given a patient, in average s/he
left the emergency room after 3 hour and 6 minutes her/his
arrival with a standard deviation of 5 hours and 21 minutes

(FIGURE 6a). Looking at the dotted chart in FIGURE 6b,
on the horizontal axis we have the time and on the vertical
axis the activities (‘‘ps_arrival’’, ‘‘ps_illness_analysis’’ and
‘‘go_away’’). The picture clearly shows that the medical
examination is provided, in most of the cases, before 5 hours
since the arrival of the patient to the emergency room. Most
drop-outs occur within 10 hours from the access. The peaks
of this phenomenon are recorded in January, February, June,
September, December as depicted in FIGURE 6c.

3) Q3 - HOSPITALIZATIONS - OPERATIVE BLOCKS
Regarding hospitalizations activities, we focused on obtain-
ing insight on the differences between the new opera-
tive block (operating rooms of block B2) compared with
the old one (operating rooms of block B1). In particular,
we paid attention to the temporal perspective of the surgical
interventions.
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FIGURE 7. Employment of pperating rooms of blocks B1 and B2.

The XES event log derived from the ‘Hospitalization’
dataset contains the following types activities: (i) the arrival
in emergency room, (ii) the medical examination, (iii) the
hospitalization reservation, (iv) the hospitalization, (v) the
surgical intervention, (vi) the hypothetical transfer from a
hospitalization ward to another one, and (vii) the discharge.
As depicted in FIGURE 7a, the operating rooms of the

new block (B2) have been activated in the second half of
the year to replace the old operative block (B1). Hence,
the 4 rooms of block B2 (room 1, room 2, room 3, room
4) went fully operative at the beginning of August 2017 and
the others remained available for exceptional needs. Looking
at the employment during the different day of the week (see
FIGURE 7b), the operating rooms of the old block (B1) and
the new block (B2) are used practically any day of the week,
except the room 3 of block B1 never used on Saturday, and
both room 3 and room 4 of block B2 are never used on
Sunday.

The social network, depicted in FIGURE 8, confirms
the separation of these blocks, since there is no interaction
between the rooms of block B1 with those of block B2.
In addition, it is possible to see that patients performing

FIGURE 8. Social network representing the interactions of both blocks
(B1 and B2) of operating rooms.

at least one surgical intervention using several operating
rooms.

FIGURE 9a and FIGURE 9b show the state diagrams for
two different kinds of surgical interventions, denoted using
the ICD - International Classification of Diseases notation.
In particular, the three state diagram has an initial state,
correspondent to the phase prior to the assignment of the

VOLUME 8, 2020 186021



S. Agostinelli et al.: Supporting Governance in Healthcare Through Process Mining: A Case Study

FIGURE 9. Surgical interventions.

room, a second state correspondent to an ongoing surgery,
and a final state correspondent to the post-surgery phase.
For each state, the average duration is shown. For these two
classes, we demonstrated with ANOVA that the operative
block B2 from the point of view of temporal performance is
better than the operative block B1. The yellow color, meaning
that the duration of the surgical interventions is lower than the
average duration time, is associated only to rooms belonging
the the block B2. Even though, as confirmed by ANOVA,
in some cases the operative blocks are characterized by dif-
ferent performances, it cannot be argued if this result can be
extended to the all classes of surgical interventions.

E. EVALUATION
The objective of the evaluation stage is to review diagrams
and results produced during the previous phase and to under-
stand whether they are sufficient to make decisions or if more
analysis tasks must be executed. As a consequence, the two
phases, mining & analysis and evaluation, can be iteratively
repeated until the result is satisfactory for the management.
In our case for example, after the first repetition of the mining
& analysis phase, the management formulated questions Q1,
Q2 and Q3, whose results have been eventually accepted as
sufficient for the governance task. Noticeably, the evaluation
stage has been simplified, in our case, thanks to the full-day
lesson on processes and process mining.

F. PROCESS IMPROVEMENT & SUPPORT
The last step is the process improvement & support stage with
the objective to use the gained insights to modify the actual
careflows.

During the evaluation stage, the hospital management did
not expect the high number of healthcare services provided

without reservation. They are currently investigating why
this phenomenon is so extensive and if this phenomenon
is due to either organizational issues or data errors coming
from the information systems. Conversely, they have not
been surprised by the results obtained about abandonments
of emergency room. The quantitative data will be used to
improve this aspect.

Regarding the best performances of the new operative
blockB2with respect of the old operative blockB1, the hospi-
tal management received a confirmation that the investments
in more modern instrumental and infrastructural resources
have been fruitful.

Additionally, the hospital management is interested in fur-
ther analysis regarding the economic aspect of the hospital.
Indeed, they will provide us with new data to be integrated
with the clinical datasets containing the economic values
associated to each surgical intervention. The goal of the
hospital management is to define the concept of revenue asso-
ciated to each patient classified by DRG - Diagnosis Related
Group code. The DRG codes represent the instrument useful
to classify the final product of the hospital (i.e., the overall
work) for the purpose of remuneration of the hospital activity.

V. THREATS TO VALIDITY AND CONCLUSION
In this article, we conducted a process mining project based
on a real case study of an Italian hospital in Rome. In par-
ticular, starting from the clinical datasets (containing anony-
mous records) we were able to discover non-trivial care
processes, social networks and transition systems relying
on the ProM framework. We gave insights about the pro-
cess, describing the patient careflows within the hospital,
under different points of view by changing the concept of
event from time to time. We have also looked both at the
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organizational perspective of the hospital, describing how the
internal resources can communicate among them, and on the
performance perspective, analyzing for instance the duration
of the surgical interventions.

The presented experimentation is conducted starting from
the clinical datasets of the Italian National Health Service that
the hospitals interchange with the Public Regional Author-
ities. As a consequence, the same experimentation can be
replicated nationwide establishing a benchmarking between
the various healthcare organizations or between different
divisions of the same organization. The management of a
hospital can easily obtain, thanks to process mining tech-
niques, value-added information that were previously diffi-
cult to identify or even undetectable.

The entire process mining project is anyway very sensitive
to data preprocessing. Available datasets, as discussed in the
paper, are usually not represented in the form of events, i.e., as
activities performed by specific resources. Conversely, they
are represented in a report form where activities must be
argued. In this sense, the governance of the process mining
project is of utmost importance, requiring a continuous inter-
action between data analysts and stakeholders. A powerful
tool such as process mining could, in fact, not lead to tangible
results for the organization if it is not correctly applied in the
organizational areas (and data) in which the root causes of the
identified issues persist.

Additionally, clinical datasets contain noise and duplicates
that must be removed or at least identified prior to apply
process mining. This task may require techniques that are
outside the scope of process mining, being instead taken
from the wider world of data mining and very similar to
what ETL - Extract Transform Load - is for datawarehouses.
Thus, to properly apply process mining techniques, some
extra effort is required at the outset for pre-processing clinical
datasets, but the overhead is compensated by the possibility
of automatically discovering and diagnosing healthcare pro-
cesses.

In our case study, the continuous interaction and collabo-
ration with the management of San Carlo di Nancy hospital
allowed us to overcome many of the previously mentioned
issues. Still, the lack of certain data (e.g., those related to
the costs of activities) did not allow to propose solutions,
but only to quantitatively analyze aspects that were already
identified, thus allowing the management to make certain
decisions. Future work will extend the current analysis by
integrating additional data features, that could lead to deeper
insights about the performance of the different areas of the
hospital.

The main limitation of our study is about external validity,
i.e., the extent by which the findings can be generalized
beyond the scope of the study [47]. The specific healthcare
environment in which the evaluation was conducted does
not constitute sufficient base to draw general conclusions
about the goodness of using process mining in any hospital,
since the effectiveness of process mining techniques strongly
depends on the quality of event log data recorded by the

hospital information systems. Another limitation concerns
that the employed datasets keep track of events happened in
the span of two months between the end of 2015 and early
2016. For this reason, to confirm the validity and robustness
of our findings, we aim to employ the same process mining
techniques shown in this study over novel (and more recent)
datasets recorded in a longer time frame. Given the above
weaknesses, our discussions should be considered as indica-
tive observations rather than conclusive statements.

In conclusion, the lesson learned through the presented
case study is that the availability of event data combined with
process mining techniques can lead to significant results in
terms of process analysis, useful for the hospital manage-
ment to take final considerations, diagnose problems and set
improvement initiatives based on real facts, represented in
form of clinical data.
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