Chapter 1
Introduction

Abstract Healthcare costs have increased dramatically and the demand for high-
quality care will only grow in our aging society. At the same time, more event data are
being collected about care processes. Healthcare Information Systems (HIS) have
hundreds of tables with patient-related event data. Therefore, it is quite natural to
exploit these data to improve care processes while reducing costs. Data science tech-
niques will play a crucial role in this endeavor. Process mining can be used to improve
compliance and performance while reducing costs. The chapter sets the scene for
process mining in healthcare, thus serving as an introduction to this SpringerBrief.

Keywords Healthcare information systems * Process mining + Healthcare - Busi-
ness process management

Process mining has been applied successfully in a variety of domains, e.g., banking,
insurance, logistics, production, e-government, customer relationship management,
remote monitoring, and smart diagnostics. Through process mining one can relate
the actual behavior of people, machines, and organizations with modeled behavior.
This often leads to surprising insights showing that reality is very different from
perceptions, opinions, and beliefs stakeholders have. This is particularly relevant for
healthcare processes. These processes are often only partly structured with many
exceptional behaviors and different stakeholders. Healthcare requires flexibility and
ad-hoc decision making. These characteristics make it impossible to apply rigorous
Business Process Management (BPM), Workflow Management (WFM), and Busi-
ness Process Reengineering (BPR) techniques. Clearly, a hospital is not a factory
and patients cannot be cured using a conveyor belt system. However, the abun-
dance of data collected in today’s hospitals can be used to improve care processes
dramatically. Unlike many other domains, there is still room for dramatic improve-
ments in healthcare processes. Process mining can be used to improve compliance
and performance while reducing costs. To set the scene, this chapter introduces the
application of process mining in healthcare. Section 1.1 discusses the main chal-
lenges in healthcare. In Sect. 1.2, process mining is positioned in the broader data
science context. Subsequently, Sect. 1.3 discusses the application of process mining
in healthcare. Section 1.4 concludes the chapter with an outlook on the remainder of
this SpringerBrief.
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2 1 Introduction

1.1 Challenges in Healthcare

Healthcare is facing several challenges. Some of the most urgent challenges become
evident when looking at Fig. 1.1. First, at the top of the figure, it is shown that
healthcare costs continue to rise. So, there is a need to reduce these costs. Second, the
people receiving care are becoming older. This is likely to lead to greater demand for
elderly care [1]. Finally, the bottom of the figure shows that the volume of long-term
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care increased in the period of 2000 till 2011. For these and the other types of care,
further increases are expected. Regarding the care provided, an important health
policy issue in many OECD countries relates to long waiting times [2]. These long
waiting times cause dissatisfaction as the benefits of treatment are postponed.

The developments shown in Fig. 1.1 illustrate the pressure on today’s healthcare
organizations. They need to improve productivity and reduce access and waiting
times while at the same time reducing costs. One approach to this is to focus on the
many complex time-consuming and non-trivial processes that are undertaken within
these organizations. Examples of such processes are the preparation and execution
of a surgery and the treatment of patients suffering from cancer. In order to give
suggestions for improving and redesigning these processes they need to be analyzed.
Such an analysis is typically done by conducting interviews. Unfortunately, this is
time consuming and costly. Furthermore, typically a subjective view is provided
on how a process is executed. That is, people involved in the performance of these
healthcare processes (e.g., physicians, managers) tend to have an ideal scenario in
mind, which in reality is only one of the many scenarios possible. Moreover, in
many hospitals “political battles” take place due to organizational issues. Different
stakeholders may have different views, e.g., some parties may not be interested in
reducing the overall costs and improving transparency. Therefore, in order to give
objective suggestions for improving and redesigning processes one needs to exploit
the event data readily available. Such an analysis is possible using process mining.

1.2 Process Mining: Data Science in Action

Although our capabilities to store and process data have been increasing exponen-
tially since the 1960-ties, suddenly many organizations realize that survival is not
possible without exploiting available data intelligently. This of course also holds for
healthcare organizations. Society, organizations, and people are “Always On”. Data
are collected about anything, at any time, and at any place [3]. Gartner uses the
phrase “The Nexus of Forces” to refer to the convergence and mutual reinforcement
of four interdependent trends: social, mobile, cloud, and information [4]. The term
“Big Data” is often used to refer to the incredible growth of data in recent years. For
hospitals of course the goal is not to collect more data, but to exploit data to realize
more efficient and effective care processes.

Obviously, the term “Big Data” has been hyped in recent years. However, there
is rapidly growing demand for data scientists that can turn data into value. Just like
computer science emerged as a new discipline from mathematics when computers
became abundantly available, we now see the birth of data science as a new discipline
driven by the huge amounts of data available today. Data science aims to use the
different data sources to answer questions that can be grouped into the following
four categories:
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Reporting: What happened?

Diagnosis: Why did it happen?

Prediction: What will happen?

Recommendation: What is the best that can happen?

So, what is a data scientist? Many definitions have been suggested. For example,
[5] states “Data scientists are the people who understand how to fish out answers
to important business questions from today’s tsunami of unstructured information”.
It is not easy to define the ideal profile of a data scientist. Clearly, data science is
multidisciplinary. As Fig. 1.2 shows, data science is more than analytics/statistics. It
also involves behavioral/social sciences (e.g., for ethics and understanding human
behavior), industrial engineering (e.g., to value data and know about new business
models), and visualization. Just like Big Data is more than MapReduce, data science
is more than mining. Besides having theoretical knowledge of analysis methods, the
data scientist should be creative and able to realize solutions using I'T. Moreover, the
data scientist should have domain knowledge and able to convey the message well.
Figure 1.2 shows a possible profile of the data scientist: different subdisciplines are
combined to render an engineer that has quantitative and technical skills, is creative
and communicative, and is able to realize end-to-end solutions.

Figure 1.2 deliberately emphasizes the process aspect. The goal is not to analyze
data, but to improve care processes. Process mining aims to discover, monitor and
improve real processes by extracting knowledge from event logs readily available
in today’s information systems [6]. Starting point for process mining is an event
log. Each event in such a log refers to an activity (i.e., a well-defined step in some
process) and is related to a particular case (i.e., a process instance). The events
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Fig. 1.2 Data science skills that should be combined to realize more efficient and effective care
processes
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belonging to a case are ordered and can be seen as one “run’ of the process. Event logs
may store additional information about events. In fact, whenever possible, process
mining techniques use extra information such as the resource (i.e., person or device)
executing or initiating the activity, the timestamp of the event, or data elements
recorded with the event (e.g., the age of a patient).

Process mining bridges the gap between traditional model-based process analysis
(e.g., simulation and other business process management techniques) and data-centric
analysis techniques such as machine learning and data mining [6]. Process mining
seeks the confrontation between event data (i.e., observed behavior) and process mod-
els (hand-made or discovered automatically). This technology has become available
only recently, but it can be applied to any type of operational processes (organizations
and systems).

There are three main types of process mining:

e The first type of process mining is discovery. A discovery technique takes an
event log and produces a process model without using any a-priori information.
An example is the Alpha-algorithm [7] that takes an event log and produces a
process model (a Petri net) explaining the behavior recorded in the log.

e The second type of process mining is conformance. Here, an existing process
model is compared with an event log of the same process. Conformance checking
can be used to check if reality, as recorded in the log, conforms to the model and
vice versa [8].

e The third type of process mining is enhancement. Here, the idea is to extend or
improve an existing process model using information about the actual process
recorded in some event log [6]. Whereas conformance checking measures the
alignment between model and reality, this third type of process mining aims at
changing or extending the a-priori model. An example is the extension of a process
model with performance information, e.g., showing bottlenecks.

Process mining techniques can be used in an offline, but also online, setting. The latter
is known as operational support. An example is the detection of non-conformance
at the moment the deviation actually takes place. Another example is time prediction
for running cases, i.e., given a partially executed case the remaining processing time
is estimated based on historic information of similar cases.

1.3 Applying Process Mining to Healthcare Processes

Asmentionedin Sect. 1.1 care organizations are under incredible pressure “to do more
for less”. To be able to improve processes it is important to understand what is really
happening (process discovery) and analyze deviations from the expected or normative
process model (conformance checking). Moreover, using the timestamps of events
one can identify and diagnose bottlenecks and other inefficiencies (enhancement).
Chapter 3 introduces process mining in detail. At this stage it is sufficient to have a
rough idea of the results and insights provided by process mining.
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Fig. 1.3 Process model only showing the control-flow. The model is not intended to be realistic
and only aims to show the different control-flow constructs in a healthcare setting

Figure 1.3 shows a simplified process model learned from event data. The back-
bone of the process model is formed by the control-flow, i.e., the ordering of activities.
The control-flow is represented in terms of a Petri net, i.e., a bipartite graph of tran-
sitions representing activities and places representing states. The process starts by
admitting a patient. This activity is modeled by transition admission. Each transi-
tion is represented by a square. Transitions are connected through places that model
possible states of the process. Each place is represented by a circle. In a Petri net
a transition is enabled, i.e., the corresponding activity can occur, if all input places
hold a token. Transition admission has only one input place (start) and this place
initially contains a token representing a patient that needs treatment. Hence, the cor-
responding activity is enabled and can occur. This is also referred to as firing. When
firing, the transition consumes one token from each of its input places and produces
one token for each of its output places. Hence, the firing of transition admission
results in the removal of the token from input place start and the production of two
tokens: one for output place ¢/ and one for output place c2. Tokens are shown as
black dots. The configuration of tokens over places—in this case the state of the
patient’s treatment—is referred to as marking. Figure 1.3 shows the initial marking
consisting of one token in place start. The marking after firing transition admission
has two tokens: one in place c/ and one in place c2. After firing transition admission,
three transitions are enabled. The token in place ¢2 enables transition check status.
This transition models a review of the medical history of the patient. In parallel, the
token in ¢/ enables both examine thoroughly and examine casually. Firing examine
thoroughly will remove the token from c/, thus disabling examine casually. Simi-
larly, the concurrence of examine casually will disable examine thoroughly. In other
words, there is an exclusive choice between these two activities. Transition examine
thoroughly is executed for patients where complications are expected. Less problem-
atic cases only need a casual examination. Firing check status does not disable any
other transition, i.e., it can occur concurrently with examine thoroughly or examine
casually. Transition operate is only enabled if both input places contain a token. The
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medical history of patient needs to be checked beforehand (token in place c4) and
the casual or thorough examination should have been completed (token in place ¢3).
Hence, the process synchronizes before operating. Transition operate consumes two
tokens and produces one token for ¢5. Three transitions share ¢5 as an input place.
This shows that there are three possible scenarios. Etc. The process ends with a token
in place end.

A process model such as the one shown in Fig. 1.3 can be learned by analyzing
events logs describing the activities executed for patients [6]. A possible frace for
a particular patient is (a, b, d, e, h). Note that here we are using short names (e.g.,
a = admission) and do not show the attributes of the various events, e.g., timestamp,
resource, and data. Another possible trace is (a,c,d,e, f,d,c,e, f,c,d, e, h).
An event log can be viewed as a multiset of traces (if we ignored timestamps,
etc.).L =[(a,b,d, e, h)> (a,d,c, e g) (a,c,d,e, f,b,d e g)* (a,d, b, e, h)?,
(a,c,d,e, f,d,c,e, f,c,d,e, h)z, (a,c,d, e, g)z] is an event log with 20 cases.
Based on this event log most process discovery techniques construct a control-flow
model as is shown in Fig. 1.3. This model is indeed able to reproduce the traces
observed.

The events belonging to a case are not just ordered. There may be extra information
such as the resource (i.e., physician or nurse) executing or initiating the activity, the
timestamp of the event, or data elements characterizing the patient. By replaying the
event log on the model shown in Fig. 1.3 we can learn additional perspectives and
enrich the model as is shown in Fig. 1.4.

As Fig. 1.4 shows, the process model can be extended with additional per-
spectives: the organizational perspective (“What are the organizational roles and
which resources are performing particular activities?”), the case perspective (“Which
characteristics of a case influence a particular decision?”), and the time perspective
(“Where are the bottlenecks in my process?”’) [6]. Analysis of the event log shown
may reveal that Sara is the only one performing the activities operate and exam-
ine complications. This suggests that there is a “surgeon role” and that Sara is the
only one having this role. Activity examine thoroughly is performed only by Sue and
Sean. This suggests some “physician role” associated to this activity, etc. Techniques
for organizational process mining [6, 9] will discover such organizational structures
and relate activities to resources through roles. By exploiting resource information
in the log, the organizational perspective can be added to the process model. Sim-
ilarly, information on timestamps and frequencies can be used to add performance
related information to the model. Figure 1.4 sketches that it is possible to measure the
time that passes between an examination (activities b or ¢) and the actual operation
(activity e). If this time is remarkably long, process mining can be used to identify
the problem and discover possible root causes. If the event log contains case-related
information, this can be used to further analyze the decision points in the process.
For instance, through decision point analysis it may be learned that older patients
require multiple operations.



8 1 Introduction
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These roles can be used to relate average time between two
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predictions, recommendations,
and reengineering.
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activities. If the control-flow is pre-
specified deviations can be analyzed.

Fig. 1.4 Process mining is not only used to learn the process as it is actually executed: It is also
used to understand deviations, to analyze bottlenecks, and to monitor organizational behavior

1.4 Outlook

Process mining [6] aims at extracting process knowledge from so-called event logs
which may originate from all kinds of systems. Examples of such systems are Hospital
Information Systems (HIS) but may also be systems in use at an intensive care
storing all diagnostic tests and treatments that have been performed or a laboratory
system storing all tests that have been performed on a blood sample. Typically,
these event logs contain information about the start/completion of process steps
together with related context data (e.g., actors and costs involved). Since process
mining uses factual execution data, it allows for obtaining an objective view on how
processes are really executed. In this way, there is a clear difference between process
mining and more traditional ways of investigating business processes. For example,
by conducting interviews there is always the risk that highly subjective information
is gathered.

As process mining allows for easily getting insights into the real execution of
organizational healthcare processes, not surprisingly, there is a growing uptake of
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the technique in the healthcare domain. That is, the obtained insights can be used for
example to reduce costs and to improve the efficiency of the care processes. As part
of this, the patient satisfaction is expected to grow. Also, in literature, up to now, we
have discovered 59 publications in which a real-life application of process mining
in healthcare is described (see http://www.healthcare-analytics-process-mining.org/
for an overview). For these applications often only data are taken from one or two
systems in order to solve a particular problem. Despite this popularity, an overview
is missing of all the process related data that exists within a HIS. As a result, it is
difficult to reason about potential applications of process mining within hospitals.

The aforementioned two limitations and the uptake of process mining in the
healthcare domain have been the reason for writing this SpringerBrief about process
mining in healthcare. To this end, we present a healthcare reference model which
outlines all the different classes of data that are potentially available for process
mining and the relationships between these classes. Given this reference model, it is
possible to reason about application opportunities for process mining, e.g., we will
discuss several kinds of analyses that can be performed. This enables us to answer
the following question: What are the potential applications of process mining within
hospitals?

When applying process mining in hospitals, typically several data quality issues
need to be tackled. For example, problems may exist related to timestamps in event
logs, imprecise activity names, and missing events. Therefore, we also elaborate
on data quality issues. In total 27 quality issues that may hamper the analysis of
care processes based on event data were identified. We also provide guidelines to
overcome these problems.

In the remainder, we provide an extensive overview of the issues and opportunities
related to applying process mining in the healthcare domain. As such, a basis is
provided for governing and improving the processes within a hospital.

Figure 1.5 shows an overview of this SpringerBrief. Starting point is a HIS (or
similar system) that is supporting healthcare professionals. The healthcare refer-
ence model describes over 120 classes of information stored in a typical HIS. The
reference model facilitates the search for relevant data and the ETL (Extract, Trans-
form and Load) process. The resulting event logs can be used by a wide range of
process discovery algorithms. For example, process models may be discovered that
show what actually happens thus providing valuable insights. Existing artifacts like
guidelines can be combined with event data to diagnose deviations. Opportunities
to further exploit event data are endless, e.g., detecting bottlenecks or predicting
capacity problems.

The remainder of this SpringerBrief is organized as follows. Chapter 2 discusses
what kinds of healthcare processes can be analyzed using process mining. Therefore,
a classification of healthcare processes is presented which gives an overview of the
kinds of processes that can be found within the healthcare domain. Next, in Chap. 3
an introduction to process mining is given. In Chap.4, the healthcare reference
model is introduced. In Chap. 5, based on the reference model, the possibilities of
process mining within a typical hospital will be illustrated. Chapter 6 lists common
data quality issues and provides guidelines for logging. Finally, in Chap.7 a short
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Fig. 1.5 Process mining in healthcare. Note that the healthcare reference model is used as a starting
point for locating the data and extracting event logs

summary is given. Also, a vision for the application of process mining in healthcare
based on the findings in this SpringerBrief is provided.
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