Clinical Processes And Its Data, What Can We Do With Them?
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Abstract:

Global healthcare services have evolved over time, and nowadays they are expected to follow high-quality
optimized standards. Analyzing healthcare processes has become a relevant field of study, and different
techniques and tools have been developed to promote improvements in the efficiency and effectiveness of
these processes. There is a research field called process mining that can be used to extract knowledge from
the event data stored in the hospital information systems. With the help of this, it is possible to discover the
real executed process, examine its performance and analyze the resource interaction during its execution.
The goal of this article is to provide a bibliographic survey about the use of process mining algorithms,
techniques, and tools in the analysis of healthcare processes, providing a general overview about the main
approaches previously used and the information required to apply them in the medical field. We provide
important insights about data, algorithms, techniques and methodologies that are required to help answer
medical expert questions about their processes, motivating and inspiring a broader usage. So, if we have the
information and it is possible to analyze and understand the healthcare processes, why are we not doing it?

1

INTRODUCTION

Medical centers around the world perform a large
variety of processes that are relevant because,
depending on their proper execution, they have a
direct impact on people’s health. Therefore, there is
a clear need to ensure that the implementation of
these medical processes are carried out in the most
effective and efficient manner possible. The
information currently stored in healthcare
information systems might provide valuable insights
about how these processes are being performed
helping to propose potential improvement that could
enhance their performance.
Process mining has emerged as a research discipline
that can discover, monitor and improve real
processes by extracting knowledge from event logs
readily available in today's information systems
(Van der Aalst et al., 2012). This discipline, has a
great potential for application in the healthcare
domain because medical processes are considered
complex, large and with a lot of variability in time
(Homayounfar, 2012).
The objective of this work is to present a systematic
overview of the different approaches that have been
used to analyze healthcare processes using process

mining, including a compilation of types of data
needed (Kaymak & Mans, 2012; RS Mans & Aalst,
2013), questions that can be answered (RS Mans &
Aalst, 2013), methodologies that have been applied
(Ferreira, 2012; Van der Aalst et al., 2012), and
techniques/algorithms available to perform the
analysis (e.g. (Günther & van der Aalst, 2007;
Weijters & van der Aalst, 2003)). It also covers a
detailed analysis of the geographical location of the
main case studies that have been done in this domain
and the leading medical fields where it has been
applied. Gathering all this information should help
professionals, in both process mining and healthcare
domains, to identify new research opportunities to
improve healthcare services using process mining
techniques.
The outline of the paper is as follows. In section 2,
we introduce the basics of process mining in
healthcare. In section 3, we give a list of the main
approaches applied. Main challenges are explained
in Section 4 and the conclusions in Section 5.
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2.1

RELATED WORK
Process mining

Process mining is a relatively young research
discipline. It focuses on extracting knowledge from
data generated and stored in databases of (corporate)
information systems. Process-Aware Information
Systems (PAISs) (Dumas, Van der Aalst, & Ter
Hofstede, 2005) are systems that are readily able to
produce event logs. Specific examples of such
applications are ERP systems (e.g. SAP) and
Customer Relationship Management systems
(CRM). Event log data is not limited only to the data
from these applications, because many other systems
also provide useful data. Moreover, the data about a
complex process might not come from a single
source of information.
According to (Van der Aalst et al., 2007), it is
possible to store event information where: (i) each
event refers to an activity, (ii) each event refers to a
case, (iii) each event can have a performer, also
referred to as originator (the person executing or
initiating the activity), and (iv) each events have a
timestamp and are totally ordered.
There are three main types of process mining:
process discovery, conformance checking and
enhancement. In (Van der Aalst et al., 2012), it is
described that automatic process discovery allows
extracting process models from an event log;
conformance checking to monitor deviations by
comparing a given model and the event log, and
enhancement allows extending or improving an
existing process model using information about the
actual process recorded in the event log. It is
possible to extend the analysis through
organizational mining, the automatic construction of
simulation models, extension models, predicting
cases and other approaches.

2.2 Process
domain

Mining

in

the

health

Healthcare processes are seen as a domain that has
complex models and vary a lot in time
(Homayounfar, 2012). Being able to use techniques
to discover workflow models and analyze the
performance of them, are great opportunities to
examine the information stored in the events logs of
hospital information systems.
Using process mining techniques in healthcare
processes, allows not only to understand what is

really happening with them, but also, can generate
benefits associated with process efficiency,
improving the quality of services provided, as well
as a positive impact on the management of medical
centers. For this, it is relevant to take advantage of
the capabilities offered by processes mining to
collaborate in the construction of event logs and
analyze healthcare processes. Also, incorporated
medical knowledge can generate results that can
provide data to improve medical practices in
hospitals. The process mining research area has been
used in the healthcare processes field to discover
process models from event logs (Bose & Aalst,
2011; Mans, Reijers, van Genuchten, & Wismeijer,
2012; RS Mans & Schonenberg, 2009), do
conformance checking (Kirchner, Herzberg, Roggesolti, & Weske, 2012; Zhou, 2009) and evaluate
social networks analysis (Bose & Aalst, 2011; Lang,
Bürkle, Laumann, & Prokosch, 2008; Mans et al.,
2012).
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MAIN APPROACHES APPLIED

In this section, the type of processes, the type of
data, the frequently posed questions, the
methods/algorithms, and the used methodologies,
are described. Besides, the case studies are
characterized according to their medical field and
their geographical location.

3.1

Types of processes

It is critical to understand the different types of
processes that are executed in the hospital
environments, so the algorithms/techniques and
process mining tools are correctly applied.
According to (Dumas et al., 2005; Ferreira, 2012)
and (Kaymak & Mans, 2012), there are two types of
processes in the healthcare domain: the medical
treatment processes and the organizational
processes.
Medical Treatment Processes: These are the clinical
processes of managing a patient. These processes
include from the diagnostic actions based on
symptoms, to the execution of a series of actions, to
relief the patient.
Organizational Processes: These are the ones
focused on the organizational knowledge of the

process, capturing the collaborative information of
the healthcare professionals and their organizational
units.

3.2

Types of data

Based on the type of process and the type of analysis
that is needed, it is necessary certain data to do it. In
this section, 2 classifications are described. The first
classification is the one included in (Kaymak &
Mans, 2012), based on the data used on their process
mining case study. The second one is presented on
(RS Mans & Aalst, 2013), and it is based on the data
source and its level of abstraction, accuracy,
granularity, directness, and correctness. To allow a
correct execution of the process mining techniques,
and give the expert the knowledge of its processes it
is necessary to have clarity of the type of data that it
is available and how it should be managed.

3.3

Frequently asked questions

The process mining techniques gives the medical
specialists the ability to answer some of the
questions related to their processes, acknowledging
them the improvement opportunities. According to
the questions that are raised by the specialists, data
and information must be gathered from different
sources. Four typical questions that want to be
answered by medical process specialists (RS Mans
& Aalst, 2013), are:
- What are the most followed paths and what
exceptional paths are followed?
- Are there any differences in care path followed
by different patient groups?
- Do we comply with internal and external
guidelines?
- Where are the bottlenecks in the process?
Besides these interrogations, we propose a fifth
question to include the organizational collaboration
process between the specialists:
- What are the roles and social relationships
between the medical staff?
These questions guide the use and application of the
process mining techniques, to provide correct and
accurate answers to the real needs of the specialists.

3.4

Used methods and algorithms

Through the tools available for process mining there
are several techniques implemented to execute the
correct and desired analysis. Some of the main
techniques that have been applied are: Trace
Clustering (Caron et al., 2014; RS Mans &
Schonenberg, 2009), Performance Sequence
Analyzer (Butler-Henderson, 2012a; Caron et al.,
2014), Fuzzy Miner (Kim, Kim, Song, Kim, & Yoo,
2013; RS Mans & Schonenberg, 2009), Alpha Miner
(Lang et al., 2008), Genetic Miner (Fei & Meskens,
2010; Lang et al., 2008), Heuristic Miner (Caron,
Vanthienen, & Baesens, 2013; Kaymak & Mans,
2012; Kim et al., 2013) and Conformance Checker
(Dewandono, Fauzan, Sarno, & Sidiq, 2013; Zhou,
2009).

3.5

Used methodologies

Two main methodologies have been used: a
methodology including clustering techniques (Caron
et al., 2013; Doremalen, 2012), and a methodology
following the L* life-cycle model (Binder et al.,
2012; Van der Aalst et al., 2012).

3.6

Implementation strategies

A classification of strategies used to implement
process mining is described. The first one is the
basic direct strategy, which involves the direct
application of the process mining tools to a set of
data extracted directly from a data source and used
to build an event log (Caron et al., 2014; Mans et al.,
2012; RS Mans & Schonenberg, 2009; Rebuge,
Lapao, Freitas, & Cruz-Correia, 2013). This strategy
has two basic challenges: data extraction and event
log construction. The second strategy is the semiautomated, where the data and event log
construction is done through a specific solution.
These solutions connect to one or several data
sources and extract the correct data to build the
event log, but still need the knowledge of the
process mining tools to execute it (Helmering,
Harrison, Iyer, Kabra, & Van Slette, 2008). This
strategy has the disadvantage that is a local solution.
The third strategy to implement process mining is to
do it in a specific suite, where you can connect to the
data sources, extract the data, build an event log and
execute the process mining techniques. This has the
advantage that the person that will use the suite does
not need to know in detail how to connect to the data
sources, and how to use the process mining tools.

The disadvantage is that the suites are developed for
a specific environment and its data sources.
Examples of this implementation include the
Medtrix Process Mining Studio (Ferreira, 2012) and
the Emotiva Tool (Fernández-Llatas et al, 2013).

3.7

Types of case studies

There are several ways to build or execute a case
study using process mining techniques/algorithms.
They all include the use of data and the creation of
an event log, but can vary according to the process
mining tool they use. The tool they use determines
the type of case study, it can be the typical tools, a
new development made for the specific case study or
the use of the existing techniques with additional
techniques from outside the process mining field.
Following, is a proposed classification. The first
type defined is the basic case study, which takes the
data from one or several data sources and builds the
event log and executes the process mining
techniques using the tools available. There is no new
implementation done in this type of case study and
the main objective is to give knowledge of the
healthcare process. Several case studies have been
done of this type (Mans, R., & Schonenberg, H.,
2008; RS Mans & Aalst, 2013; RS Mans &
Schonenberg, 2009). The second one is the case
study where a new technique or algorithm has been
developed to complement the actual available tools.
Some of these case studies are (Bose & Aalst, 2011;
Butler-Henderson, 2012b; Gupta, 2007). The third
type is the one that uses the process mining tools and
techniques available, but also incorporates
techniques from other fields like statistical analysis
(Butler-Henderson, 2012b), extended data analysis
(Bose & Aalst, 2011), data mining and CRISP-DM
(Zhou, 2009) and DECLARE (Grando, Aalst, &
Mans, 2011; Grando, Schonenberg, & Aalst, 2011).
These are important due to the mixture of
techniques.

3.8

Process Mining Tools

A group of software applications is available to do
analysis through process mining. The most used tool
is ProM, a tool that has a large number of
algorithms/techniques implemented and it is
considered as the “pluggable” environment for
process mining (van Dongen, et al, 2005). In
healthcare domain, ProM has been used in several
case studies, for instance: (Bose & Aalst, 2011;
Lang et al., 2008; RS Mans & Schonenberg, 2009;

Zhou, 2009). DECLARE is a flexible constraintbased workflow management suite, used to model
medical guidelines in (Grando, Aalst, et al., 2011;
Grando, Schonenberg, et al., 2011). It is interesting
that the popular process mining toolkit DISCO is not
mentioned as much as expected in these case studies.
Only in (Perimal-lewis, Vries, & Thompson, 2014)
is reported as a main tool. An emerging process
mining tool called PmLab, has not been used so far.

3.9 Geographical Analysis and medical
fields
The use of process mining has been growing in the
last couple of years, becoming an important tool to
analyze the medical processes and generate
improvements opportunities. A quantitative count
and geographical classification was performed based
on the case studies available. The highest
concentration of case studies is in Europe, existing
only a few in North America, Asia and Australia. No
case studies have been done in Africa or South
America. In more detail, Netherlands is the country
that has published most studies, followed by
Belgium and Germany.
Besides the geographical analysis, the case studies
have been divided and classified into medical
domains. Some of these test cases include
Cardiology data, Caregiving Processes data,
Dentistry data, Diabetes data, Intensive Care Unit
data, Medication data, Oncology data, Radiotherapy
data and surgical data. Oncology and surgery (nine
and five case studies) are the medical fields where
most case studies have been done. In average two or
fewer case studies have been done per field.

4

CHALLENGES

The main challenges and limitations that experts
have found are the following: (1) Satisfying medical
protocols and guidelines, (2) Including medical
knowledge, (3) Including the physical information
and conditions of the patients, (4) Identifying and
accessing data sources, (5) Data integration from
different sources, (6) Quality of data (incorrect and
incomplete data), (7) Granularity and preprocessing
of the data, (8) Using real event logs and data (and
its complexity of cases), and not only synthetic data,
and (9) Building the correct and complete event log.
These limitations relate to data sources, event log
construction and how to include semantic
knowledge from the medical experts.

5

CONCLUSIONS

In process mining is possible to discover a process
model, perform conformance analysis and propose
opportunities to enhance any process. Healthcare
experts can benefit from these tasks, allowing them
to find process improvement opportunities. We
provide a useful bibliographic survey, which gives
an overview of main approaches needed to apply
process mining in the healthcare domain. Some
challenges and limitations were identified, related
with data sources, event log construction, and adding
semantic knowledge from medical specialists.
Overall, this article aims to serve as a motivational
guide that collects some case studies previously
conducted in the healthcare field, and provides an
outline about what must be taken into consideration
to carry out a process mining project. These outlines
involve the approaches explained and the different
kinds of algorithms, techniques and process mining
tools. We are able to gain significant insight as a
result of performing process mining in healthcare,
taking advantage of the data stored in the medical
information systems is what makes this possible.
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