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The Post-Season Interview

Usually, in a dissertation, this is where you would find the Acknowledgments section.
It is a place where the author, I, disclose one of the untold stories about how this book
came into existence. I draw the attention of the reader, you, and put the spotlight on
those who have supported me along the way. However, the story of gratitude is but
one of the untold stories of a journey we call a Ph.D. trajectory. It is difficult for
me to only talk about this journey while ignoring other stories. Writing only about
thankfulness sketches a utopia in what, to me, is a place of reflection on my journey.
Sometimes, it makes me feel like a sports player who scores a last-minute goal and
excessively celebrates it in a game where the score was already long decided.

Thinking about it, a Ph.D. trajectory is almost like a sports season. Some matches
are won, some matches are lost, tournaments are played in which prizes can be won,
and at the end of the season, there is a winner. In my trajectory, some papers got
published, some got rejected, and I was fortunate enough to lift a junior-league trophy
from behind my screen for one of my publications at a conference.

What I am writing here is the post-season interview. Realizing that my emotions are
still running high, I might look back on this season differently later on. The season is
not even over when I am sitting down to write this. The last match, my defense, is
still coming up. So what should I say, or more accurately write, in such an interview?
Media training will tell me to keep it superficial, focus on the achievements, and look
ahead. Fortunately, or unfortunately, I had a different kind of training. Trained by the
principles of scientific communication. Transparency is an important norm I want to
adhere to. It is such a story that I want to tell in this interview.

What do I see when I look back at this season? I first see the team I am the captain
of and playing with. My co-authors and supervisory team, who helped me think about
the tactics and contributed to winning matches. Those who thought and wrote with
me to develop and ultimately publish work, which you will find a lot of in this book. I
also see the club, my colleagues at the university, they are the players that did not join
for the matches but were there for the training sessions. These sessions helped my
team prepare for the matches, improving us before we stepped onto the pitch. I see
the sponsors who supported us with proper training facilities. NWO and Lunet Zorg
provided us with equipment and circumstances to perform. And I see the fans, those
who were on the sidelines, my friends and family, who cheered us on, who celebrated
with us when we won, and who believed in us even when we might have lost that
faith.
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Then I see a neutral party, the referees in the game, the reviewers. They decide
what passes during a match and what is brought to a stop. Their decisions can be
helpful and their arguments useful. Sometimes, we feel they make the wrong deci-
sions, disagree with their arguments, or feel they take the wrong perspective. Either
way, they are part of the game and we need to learn how to play with them.

I also see matches we could have played better. Matches that we should have lost,
or were lucky to win. This too is part of the season we have played. It is in these
matches that I need to look at myself and see how I could have played better. I look
at the team to see if I should have changed tactics, players, or positions. Next, I look
at the club, sponsors, and fans to see their role in this. In the end, each and everyone
one of them has contributed to the team its success. That does not mean there are no
lessons to be learned, things to improve upon to be better next season.

In this competition, only the winners of the season get the chance to write up their
experience in a post-season interview. Consider the players and teams who did not
end up winning this season and hope to get back in the next. I feel they deserve to
have post-season interviews in which they can share their lessons as well. There are
also players who will be starting their first season shortly. They may want to use this
post-season interview to plan ahead and optimize their performance and tactics. We,
of course, cannot give up our competitive advantage by sharing our specific strengths
and weaknesses with them. Besides, the specific lessons we learned in our season
are not relevant to these other players and teams. These lessons only helped my team
against our opponents. Nonetheless, reflecting on our performance is helpful. Success
and failure are both part of the game. Looking more closely at the season, what I see
is that single matches may be won or lost by individual actions but the season result
is always a reflection of the team and the larger environment in which it plays.

In the end, we won this season. The dissertation is in your hands. The season is
concluded in a final match in which I, as the captain of the team, have to defend the
performances of the team over the last season. If that is successful, we get ready for
a beautiful ceremony to pick up a wonderful trophy. So perhaps, this is not really a
post-season interview, but rather a post-season analysis report. One in which I analyze
the season to truly understand what made it successful. On the one hand, looking at
the things that went well, which I should be grateful for and cherish to make sure it is
around for next season. On the other hand, looking at the things that could be done
differently, things that should change next time around.

That time has come for me, the time for a post-season analysis. Sitting down,
thinking, writing, and speaking about how to make next season a success. Let me
end this story with a quote from a sportsman that captures what I learned during my
season as a Ph.D. candidate. A quote that abstracts and helps me make next season a
success. May that next season be in sports, academia, or elsewhere:

Ability is what you are capable of doing.
Motivation determines what you do.

Attitude determines how well you do it.
Lou Holtz

Jelmer Jan Koorn,
April 12th 2022
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“Skepticism is unbelief in cause and effect"
Ralph Waldo Emerson (1860), The Conduct of Life: “Worship", p. 192

These words were written in the context of worship by Ralph Waldo Emerson (1860),
an American essayist. Worship not only in terms of religious beliefs but also worship
as a means to merge faith with science and arts. The concepts of cause and effect are
seen as vital to connect these diverse facets of mankind. The concepts of cause and
effect provide a perspective through which we can study how the world progresses.
We can use the concepts of cause and effect to direct efforts in a way that serves us
best. In other words, cause and effect help us understand what we can do to achieve
the goals we have.

Naturally, not only individuals aim to achieve goals. Collectively, people also aim
to achieve goals (McKenna, 2020). Organizations are social arrangements through
which people can collectively work towards such goals (Buchanan & Huczynski,
2019). Organizational goals can be: producing a product, selling a service, or pro-
viding aid to those in need. To achieve organizational goals, actors in organizations
perform activities. As individuals collaborate to work towards an organizational goal,
there is a need for the coordination of the activities that are performed (Okhuy-
sen & Bechky, 2009; Rollinson, 2008). To coordinate the activities we can think
of a collection of activities as a work process1. We define a work process as a set of re-
lated activities that is performed by various actors within an organization that result
in some form of output.

To make the concept of work process more tangible, let us consider an example.
Consider the healthcare domain, specifically a healthcare organization that provides
direct care for clients (e.g. a hospital or a care facility for people with a disability).
The main goal of such an organization is to ensure the well-being of its clients to
the best possible degree. Within this context, care staff treats clients with the goal to
cure them or care for them. Several activities are performed in such a setting. When
a patient enters the hospital, doctors try to diagnose the patient. Specific experts
occasionally perform extra tests. Then, the doctors decide on a treatment for the
patient. A nurse provides the treatment and further care for the client. Finally, the
doctors and nurses monitor the patient to see if the treatment leads to the desired
result.

We know that organizations vary in many ways; their domain, the product or ser-
vice they offer, whether they are for-profit or non-profit, and so on. Regardless of
these differences, all organizations have in common that they want to achieve goals.
To do so, the management of an organization wants to understand and optimize how
it can achieve its organizational goals. In light of the healthcare example above, it is
interesting for both the care staff and the hospital management to be able to under-
stand the impact of each activity on the status of the patient.

Insights into the impact of activities are not only relevant in a healthcare context.
For example, think of a financial organization that assesses loan applications. Its
management may ask themselves: How can we assess a loan application in the most
accurate way possible? Alternatively, consider a customer services department of
an organization. The management may wonder: How can we deal with complaints

1The term work process is explained in more detail in 1.1
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such that customers are most satisfied? A railway operator that temporarily closed
a train station has to consider: How can we best organize alternative transport to
compensate for the closed train station?

What all these organizational examples have in common is that there is value for
organizations in understanding how causes and effects are related in their work pro-
cess. With respect to these organizational work process examples:

˛ Causes relate to activities. Causes from the previous examples can be a request
for extra information for the loan application and the choice of specific treat-
ment by the medical staff.

˛ Effects relate to successive activities and/or the goal of the work process. Effects
from the previous examples can be the status of a patient (e.g. healthy, sick, or
deceased) and the travel time of a customer.

Studying cause and effect proves to be challenging (Pearl & Mackenzie, 2018).
The concepts of cause and effect are often complex, as the previous organizational
examples show. Capturing cause and effect in data is necessary to allow us to study
the concepts (Pearl, 2009). The concepts have been studied from as early as the
ancient Greeks (Barnes, 1991). The onset of new data, or a new perspective on
existing data, allows us to better capture the complexity surrounding cause and effect
(Pearl & Mackenzie, 2018). New data and perspectives on existing data provide an
opportunity to better study the relationship between cause and effect.

In an organizational setting, the generation of new data and reuse of existing data
are increasingly recognized as potential sources of organizational value (Constan-
tiou & Kallinikos, 2015; Mikalef et al., 2018). More and more, organizations collect
data and try to recycle data initially gathered for other purposes (Hashem et al., 2015;
Sagiroglu & Sinanc, 2013; Villars et al., 2011). Consider data that an organization
generates during the performance of activities within the organization. IT systems
routinely and automatically log this data, and managers may actively collect new
data by tracking the progress of activities to assess employee performance (Paulk et
al., 1993; Van der Aalst, 2016). Business process management is a field that uses this
specific data to help organizations gain insights into their work processes (Dumas
et al., 2013). Process mining is a family of techniques within the business process
management field that supports organizations in the steps of discovering, analyzing,
and improving work processes (De Weerdt et al., 2013; Rojas et al., 2016). These
fields mostly consider the order in which activities are performed, but do not focus on
how cause and effect may play a role in a work process 2, in Section 1.3 we develop
this notion further.

Ultimately, the management in an organization wants to understand how each ac-
tivity contributes to the organizational goal. A causal perspective helps organizations
discover the impact of their activities by framing it in the concepts of cause and effect.
The data on work processes, also referred to as event data, presents an opportunity
to study cause and effect in an organizational context. Using work processes as a lens
we can study the impact of specific activities on the organizational goal. The work
process lens helps structure and understand what and when activities are performed
to reach an organizational goal. Once we create such an understanding, the causal

2Where the idea of using this specific data from IT systems is new, the notion of looking at processes to
discover causality was already put forward by Aristotle (Barnes, 1991) in his definition of the four causes.
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perspective helps us study the how. This is meant in the sense of: how does each
activity have an impact on the organizational goal?

In what follows, we first elaborate on business process management and process
mining by providing background literature on both topics. Then, we elaborate on
the main challenges that this dissertation addresses. The next section translates these
challenges and focuses on the contributions of this research, after which the outline of
the dissertation structure is explained. This chapter concludes with a list of publica-
tions.

1.1 Background
The goal of business process management is to help organizations understand, analyze,
and ultimately take advantage of improvement opportunities in work processes (Du-
mas et al., 2013). The combination of these two goals, understanding and improving
work processes, fits the desire of an organization that seeks to understand the im-
pact of its activities. Fundamental for this discussion is a reflection on the concept of
a work process, Section 1.1.1 will elaborate on this. Process mining can be used to
discover and analyze these work processes. Process mining is an evidence-based ap-
proach that uses existing data from information systems in an organization. The basis
for process mining techniques and their analyses are data extracted from IT systems.
This data needs to be extracted in a certain form; this form is referred to as an event
log. These event logs are extracted from various information systems that are used
within organizations. Therefore, these event logs provide valuable insights into how
work processes are executed in real-life (Van der Aalst, 2016).

Two of the most prominent steps in process mining are: discovery and evaluation.
One of the first steps in process mining is called process discovery. In this step, the
event log is used to learn, and often visualize, how a work process is executed in real-
life. The goal here is to learn about the work process and create an understanding
of how the work process is executed in real-life. In the evaluation step of a process
mining project, we turn our attention to the validation of the results. People that
discover and analyze the work process are often not the same people that perform the
activities in a work process. As such, sharing and evaluating the insights generated
about the work process is an important step in a process mining project.

At present, traditional process mining discovery techniques on the one hand, and
limited support for evaluations on the other hand form obstacles for organizations
who aim to understand the impact of their activities. Below, we discuss the related
work for these two challenges. The first challenge describes how process mining dis-
covery techniques focus mainly on the order of activities. To elaborate on that, the
following section discusses the literature in which we specifically look at the three
most common techniques in process mining discovery. The second challenge relates
to the lack of methodological support for evaluations with domain experts in pro-
cess mining evaluations. Therefore, in a follow-up section, we reflect on the current
process mining evaluations.
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1.1.1 Work Process
Before delving into the literature regarding process mining, let us return to the no-
tion of a work process. This term is a more inclusive version of the more familiar
term business process (e.g. (Dumas et al., 2013)). In this dissertation, we use the
term work process for two reasons: purpose and formality. Purpose refers to the fun-
damental mission of an organization. In terms of purpose, the term business often
has a commercial connotation (Richards & Schmidt, 2013). Formality describes the
type of organization of the group of people working towards a shared goal. In terms
of formality, the term business often refers to a group of people that is formally estab-
lished, for example through registration as a legal entity. Reflecting on the concepts of
purpose and familiarity, we can see how the term ‘business’ scopes us to only consider
a narrow part of the concepts. In this dissertation, we adopt a more inclusive scope
of activities and processes. Let us consider a scenario to exemplify this:

A group of neighbors from an apartment building spontaneously come together and
decide they want to organize monthly barbeques for the whole neighborhood. To do this,
they need to make sure several tasks are performed, e.g. rent a barbeque, buy drinks and
food, get a party tent, etc. The goal of these barbeques is to build a stronger sense of
community in the neighborhood.

In this scenario, it would be difficult to argue that these neighbors are collaborating
in a business process. The monthly barbeques are not aimed at generating a profit and
the group of people is not formally registered. However, we can still discover, analyze,
and improve how these neighbors work. To do this justice, in this dissertation, we use
the term work process. A work process is a set of related activities that is performed
by a group of actors with a shared purpose that result in some form of output. We
refer to an organization as a, more straightforward, synonym for the group of actors
working towards a shared purpose (Richards & Schmidt, 2013).

1.1.2 Process Discovery
Over time, many process discovery techniques have been proposed (Augusto et al.,
2018). On an aggregate level, the vast majority of the discovery techniques can be
categorized into three types: procedural, declarative, and hybrid. The first group of
techniques produces procedural models. These techniques are the most commonly
used in process mining discovery. These techniques analyze the sequence of activities
performed in a work process. Examples include Petri nets (Song et al., 2015; Verbeek
et al., 2017), causal nets (Nguyen et al., 2017; Yahya et al., 2016), BPMN models
(Augusto et al., 2017; Broucke & De Weerdt, 2017) or process trees (Buijs et al., 2012;
Leemans et al., 2013). The second type of technique is are techniques that produce
declarative models. These techniques focus on constraints that determine the order of
activities in a work process. Examples of work that use such a technique are (Bernardi
et al., 2014; Schönig et al., 2016). The final group of techniques produces hybrid
models. These techniques combine elements from both procedural and declarative
models. Examples of works that use such a technique are (De Smedt et al., 2015;
Maggi et al., 2014). What all these techniques have in common is that they aim to
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discover the control flow of a work process, that is, the execution constraints among
the process’ activities. A shortcoming of the control-flow approach adopted by most
discovery techniques is that certain insights cannot be obtained. Most importantly,
we cannot use these techniques to assess the impact of activities on the process. The
importance of this research gap is best explained using an example.

The Research Gap Illustrated
Let us consider the healthcare domain as an example. Specifically, a mental health
setting with a residential care facility. Care staff support clients with mental and/or
physical disabilities around the clock in their daily lives. In such a context, the main
goal of the care organization is to optimize the well-being of its clients. As such, the
organization is interested in knowing the impact of the activities performed by both
care staff and clients that relate to the well-being of the clients.

In terms of understanding activities with an impact, consider the aggression inci-
dents that take place in the residential care facilities. Let us introduce client Taylor
and caretaker Jordan. An aggressive incident would involve client Taylor ‘lashing
out’ at caretaker Jordan. Taylor can shout, hit, or throw objects to Jordan. Jordan
has to deal with the situation and make sure Taylor calms down. After the incident,
caretaker Jordan has to file a report describing the incident. Using traditional process
mining discovery techniques, we use these reports to show what activities caretaker
Jordan has historically taken to respond to the aggression of client Taylor. This already
provides insights into the interplay between the client and caretaker. However, what
traditional process mining discovery techniques cannot tell us is how the response of
caretaker Jordan impacts the aggression of client Taylor. In other words, we cannot
tell what Jordan could do to reduce the chances of Taylor becoming aggressive in the
future.

These aggressive incidents have a large negative impact on the well-being of both
clients and care staff as they cause a large amount of stress and possible bodily harm.
To improve the well-being of client Taylor, the organization needs to be able to dis-
cover the impact of one activity on another. In this dissertation, we address this
shortcoming and propose a way to discover work processes from a novel perspective.

1.1.3 Process Mining Evaluations
At the end of every process mining project there comes a moment where the results
and insights of the project are evaluated. The evaluation at the end of a process mining
project can be done in both a quantitative and qualitative manner. Here, a quanti-
tative evaluation refers to those evaluations in which numerical data is generated
to assess the findings (Creswell, 2013). Think here of for example benchmarking the
performance of a proposed algorithm. These types of evaluations are often performed
using a computer to generate the data. A qualitative evaluation refers to those evalu-
ations in which other types of data are generated (e.g. textual data) (Creswell & Poth,
2016). Think here of, for example, interviews or focus groups. In contrast to quanti-
tative evaluations, these qualitative evaluations often involve humans as participants
to generate the data.

As process mining projects are often performed in real-world scenarios there are
usually external experts involved, for example from an organization in which the



8 ∣ Chapter 1 – Introduction

data is collected. These experts are referred to as domain experts. Process mining
methodologies recognize this and generally advocate for the involvement of domain
experts (Emamjome et al., 2019). Domain experts are essential to achieve the goal of
producing organizational value and help explain the why and how questions behind
the findings of the project. Although the importance of the involvement of domain
experts is acknowledged, what all process mining methodologies have in common is
limited support for how to perform evaluations when domain experts are involved. In
this dissertation, we address this challenge and propose a set of guidelines to perform
exactly these types of evaluations.

1.2 Key Challenges
In this dissertation, two key challenges are addressed that relate to the process discov-
ery (main challenge 1) and the evaluation (main challenge 2) step in process mining
projects.

˛ Main challenge 1: Identify, analyze, and visualize statistical relations in work
processes.

Generally, process mining projects focus on the discovery of a process in terms of a
sequential ordering of activities. Sequential order here refers to the central question:
how are the activities in a process ordered from start to end? This approach does
not always provide the insights required to understand, analyze, and improve a work
process. Recall the healthcare example where we analyze an aggressive incident with
client Taylor and caretaker Jordan from earlier. In this context, taking a sequential
order approach would provide the healthcare organization with insights such as after
an aggressive incident of a client, the caretaker responded by taking measure X. These
insights cannot support an organization in gaining insights into how the activities
impact each other and the process as a whole. To exemplify, the healthcare organi-
zation may wonder how a caretaker can best respond to an incident. To this end, a
causal point of view in process mining discovery is required to provide such insights.
Here, statistical, and in particular dependency relations can be identified. As such,
this challenge describes how additional digging is required to unearth the meaning
behind the order of activities.

˛ Main challenge 2: Provide actionable support to improve validity of qualitative
evaluations with domain experts in process mining projects.

At the end of a process mining project, an evaluation step ensures that findings
from the project are assessed. The evaluation is often performed in collaboration
with domain experts. The involvement of domain experts is widely advocated and
recognized in the process mining methodologies. Currently, there is limited support
in terms of guidelines, frameworks, or methodologies for both researchers and practi-
tioners to perform qualitative evaluations. As a result, informal ways of working have
evolved due to the lack of central guidelines. To improve the validity of the outcomes
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of process mining evaluations, the challenge is to bring transparency and coherence
in the approaches to qualitative evaluations in which domain experts are involved.

We have now introduced an overview of the two main challenges this dissertation
aims to tackle. In the next section, we describe how this dissertation contributes to
addressing these challenges.

1.3 Research contributions
In this dissertation, we present contributions to two types of literature. First, we de-
scribe contributions to the body of literature covering process mining discovery tech-
niques. Second, we present the contributions in terms of the evaluations performed
in process mining projects. Below, we outline each of these types of literature and the
specific contributions of this dissertation.

We contribute the following techniques to the process mining discovery literature:

˛ Contribution 1: A process mining technique that uses well-established statis-
tical mechanisms to detect, analyze, and visualize statistical relations within
work processes.

˛ Contribution 2: A novel technique to detect, analyze, and visualize statistical
relations between actions and states in a work process.

˛ Contribution 3: An extension to existing process mining discovery techniques
to help identify confounding variables in processes.

We contribute the following to the process mining evaluation literature:

˛ Contribution 4: An overview of current practices in process mining case study
evaluations in which domain experts are involved.

˛ Contribution 5: A set of guidelines to support qualitative evaluations in process
mining projects in which domain experts are involved.

The main focus of this dissertation is encompassed in these five contributions. In
Section 1.4 the outline of this dissertation is discussed connected to the contributions
that are made in each part of the dissertation. Next to these five main contribu-
tions, other insights are generated. Most notably, the proposed techniques in process
discovery and analysis are applied in two healthcare case studies. The application
and evaluation of the techniques also result in various healthcare domain-specific in-
sights. Two insights can be defined in this respect: (1) the use of existing process
mining techniques to study behavior as a work process, and (2) the generation of in-
sights into domain-specific healthcare questions, specifically in the field of aggressive
behavior and sepsis. These insights will be reflected upon in Chapter 8 where the
practical relevance of this dissertation is discussed.
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1.4 Dissertation Outline

Figure 1.1: Outline of the dissertation

The dissertation is divided into three parts, which are visualized in Figure 1.1. The
first part describes how the ARE miner came into existence. The second part describes
two separate extensions of the ARE miner. The third part takes a methodological
stance and looks at qualitative evaluations in process mining projects. Below, we
provide a summary of the works of each part and show how they contribute to this
dissertation.

1.4.1 Part I
Chapter 2 describes the application of process mining techniques to discover patterns
of aggressive behavior in clients with intellectual disabilities (Koorn et al., 2019b).
The novelty in this work lies in the use of process mining to discover behavioral pat-
terns. Previous work mostly focuses on what is referred to as static analysis. The term
static refers to the focus on single aggressive incidents. The introduction of process
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mining techniques results in a more dynamic analysis. The term dynamic is used as
we study the development of incidents in clients over time. Thus, this enables a study
of the behavior, rather incidents, of clients. As such, we can see that the behavior of
clients can be seen as a process: it is the development of incidents over time. This
chapter introduces a case study that is revisited in several following chapters. Hence,
information regarding the raw data generation and its conversion to event logs can
be found here. This work opens a new way of using process mining to study behavior
but is limited in the sense that it only considers the incidents. When the discovered
patterns are presented and discussed, inevitably the questions of cause and effect
arise. In other words, how can we extend this process into a work process in which
multiple activities are captured? For example, were there any measures taken by a
caretaker that influence the client? Specifically, we expect that there are dependency
relations in these activities that can help explain the patterns of aggressive behavior.

Chapter 3 addresses these questions (Koorn et al., 2020). It formally introduces
the Action-Response-Effect (ARE) miner to capture not only the incident but also
study its causes and effects. To study the causes and effects within work processes the
concept of process activity is too generic. Therefore, the more fine-grained concepts of
action, response, and effect are formalized in this paper. Next to the formalization, the
contribution of this work comes from the algorithm introduced. The algorithm takes
specific ARE event logs as input, it then uses process mining and statistics to uncover
potential dependency patterns, and returns these potential dependency patterns in
graphical form as output. The novelty of this work is the combination of statistics
and process mining with a specific application to study behavior. This combination
of statistics and process mining helps produce graphical representations of potential
dependency patterns in actions, responses, and effects. In addition, the combination
helps to effectively filter relations in the process such that the potential dependency
patterns are easy to understand. The ARE miner is evaluated in a case study of
aggressive behavior in clients with intellectual disabilities. However, it is important to
understand the behavior of the miner better outside of the case study and to compare
it with existing process mining techniques.

Chapter 4 extends the work of the ARE miner (Koorn et al., 2022a). The ARE miner
is extended in a variety of ways, most prominently the technique is quantitatively
evaluated on an artificial data set. This evaluation provides insights into the behavior
of the miner in a large variety of data settings. In addition, the quantitative evaluation
is used to benchmark the performance of the ARE miner against that of a naive and
filtered directly follows graph (DFG) technique. The evaluation shows that the ARE
miner generally is better at providing insights into dependency patterns compared
to both DFG techniques. Next to that, the case study is revisited and new insights
are generated. The algorithm is improved by automating the determination of a key
parameter value that was previously required to be manually inputted. In addition,
the graphical representations it produces are enhanced by including the strength of
the dependency relation. All these extensions result in a well-rounded process mining
technique that can detect, analyze, and visualize dependency patterns.
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1.4.2 Part II
The second part includes two extensions of the ARE miner. The first extension in Chap-
ter 5 is a work that proposes a more generalized version of the ARE miner (Koorn et
al., 2022c). This work proposes a novel technique to study the interaction and sta-
tistical relations between actions and states. As such, we move away from the more
strict approach adopted in the ARE miner where we define a specific set of activities
(i.e. an action is followed by a response is followed by an effect) is required. This
work adopts a more relaxed approach to the work process. Relaxed as we do not
strictly define states and actions. As a result, we can study less tangible input than a
work activity, such as the status of a patient as a state or a decision as an action. In
addition, the relaxed definitions leave more freedom in the order of states and activi-
ties. This allows us to choose either a state or an action as starting point of the work
process. We apply the technique in a sepsis work process in a hospital setting. The
technique describes the creation of a state-action log that is subsequently analyzed
using a set of statistical tests after which a graphical representation is created.

The second extension in Chapter 6 is based on a work that proposes a way to de-
tect, display, and deal with confounding variables in potential dependency patterns
(Koorn et al., 2022b). Confounding variables are variables, or activities in process
terms, which provide an alternative explanation to the one captured in a potential
dependency pattern. This extension is an important addition to the ARE miner as
it detects potential dependency relations. To test if a potential dependency relation
is real, an important check is to explore alternative explanations, e.g. confounding
variables. Thus, this extension is a step moving from potential dependency relations
to causal relations. Previous work in process mining, to a certain extent, recognizes
the potential effect of confounding variables. The novelty of this extension is twofold.
First, the combination of detecting, visualizing, and dealing with confounding vari-
ables is new. Second, the technique is broadly applicable to other process mining
discovery techniques. The technique consists of a three-step approach where we first
enrich event logs, then we use statistics to detect and analyze potential confounding
variables, and finally, we produce graphical representations of the results.

1.4.3 Part III
Chapter 7 includes the final publication of this dissertation. In this work, a more
meta-level lens is used to approach the field of process mining from a methodological
perspective (Koorn et al., 2021). This part is inspired by the focus on healthcare
in the case studies presented in the first and second parts of this dissertation. In
these two parts, qualitative evaluations play a key role. In the final publication, we
use a literature study to reflect on and enhance existing evaluation methodologies in
process mining projects. Specifically, the study exclusively focuses on the evaluations
of process mining projects in which domain experts are involved. The contribution
of the work is twofold. First, it analyzes and describes current evaluation practices.
Second, it proposes a set of guidelines to support future qualitative evaluations. The
literature study captures process mining case studies in which domain experts are
involved. It analyzes how the evaluation in these studies is conducted in terms of
goals and methods. This analysis shows that evaluations often have a qualitative
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nature, but that a systematic approach is lacking. In this work, we build on this by
providing a set of six validation guidelines. These guidelines aim to enhance the
accuracy and meaning of findings in qualitative evaluations.

1.5 List of Publications
This dissertation is based on a number of publications by the author. In total, one
journal article, three conference papers, and one workshop paper are included. Addi-
tionally, one chapter of the dissertation is based on work-in-progress.
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CHAPTER 2

Towards Understanding
Aggressive Behavior in

Residential Care Facilities
Using Process Mining



Reading Guide. In this chapter we look into the patterns related
to aggressive incidents. We approach these incidents from a pro-
cess mining perspective to study not only single incidents but also
the sequence of incidents. This sequence of incidents we refer to
as aggressive behavior. In this work, we make some interesting first
observations regarding aggressive behavior. More importantly, this
work forms the foundation from which we expand into building a
technique. This technique we will address in the following chapters
of the first part.

This chapter is based on the following publication:

Koorn, J. J., X. Lu, H. Leopold & H. A. Reijers (2019b), “Towards understanding aggressive
behavior in residential care facilities using process mining”, in: International Conference on
Conceptual Modeling, Springer, pp. 135–145.
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2.1 Introduction
Many people with intellectual disabilities live in residential care facilities, where they
can get support for their daily needs. A central goal of these facilities is to make sure
that their clients have an appropriate quality of life. While this primarily means the
care facilities attend to the needs of their clients, it also requires them to deal with
undesired behavior of clients, such as aggression.

Aggression is a complex phenomenon and has many facets. It involves physi-
cal aggression towards other people, verbal aggression, physical aggression towards
objects, self-injurious behavior, and sexually inappropriate behavior (Crocker et al.,
2006). In general, aggressive behavior is considered a threat to both staff and clients.
Studies have shown that staff members who deal with aggressive behavior are more
likely to experience stress and even have burnouts (Hensel et al., 2014; Hensel et al.,
2012; Mills & Rose, 2011). What is more, aggressors can be met with severe restric-
tive measures (e.g., seclusion) as well as suffer physical injuries as a consequence of
their aggressive behavior (Nieuwenhuis et al., 2017; Tenneij & Koot, 2008; Van den
Bogaard et al., 2018). Hence, there is a desire to minimize the impact of aggres-
sion on staff and clients and, ultimately, prevent aggression incidents from happening
altogether.

To do so, many researchers have investigated which factors may contribute to ag-
gressive behavior. By mostly focusing on client characteristics, they found links to
factors such as: age (Cooper et al., 2009; Tyrer et al., 2006), severity of intellectual
disability (Cooper et al., 2009; Crocker et al., 2006), and gender (Cooper et al., 2009;
Crocker et al., 2006). However, some researchers argue that focusing on client char-
acteristics is too limited (McClintock et al., 2003). More recent research has followed
up on this and started investigating how characteristics from the aggression incident
itself, such as time, location, and trigger, can help to understand aggressive behavior
(Nijman & Palmstierna, 2002). In that light, observational data describing aggression
incidents are increasingly digitally recorded in Information Systems.

Nevertheless, what all these studies have in common is that they take a static per-
spective. Due to the increasing digitization of behavioral data, new opportunities
emerge to analyze this phenomenon from new dynamic perspectives. That is, to con-
sider the changes in the behavior of clients over time rather than for a single incident
or client. Such a perspective has the potential to uncover, for instance, how aggres-
sion evolves over time and whether different aggression incidents are related. Process
mining is such an emerging field that provides techniques to support the analyses of
data from a causal perspective (Van der Aalst, 2016).

Therefore, we use this chapter to study aggression incidents using the technology
of process mining. We analyze data from 1,115 clients from a Dutch residential care
facility over a period of three years. We find that, on a high level, we can distinguish
between cases exclusively showing the same type of aggressive behavior and cases
showing a variety of types of aggressive behavior. Moreover, we find that although
the division into both groups is useful, the repetition of the same type of aggressive
behavior is the most frequently observed behavior. Lastly, physical aggression towards
other people plays a key role as it occurs most often and usually follows after any
other type of aggressive behavior.
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The rest of the chapter is organized as follows. First, the current status of process
mining in healthcare is discussed in Section 2.2. Then, Section 2.3 provides a de-
tailed description of the methodology of this chapter. This is followed by Section 2.4
describing the results of the analyses. In Section 2.5 we discuss these results and the
limitations of this study. Finally, in Section 2.6 the conclusions are presented.

2.2 Process Mining in Healthcare
Process mining is a family of data analysis techniques that aims to discover, mon-
itor, and improve organizational processes by analyzing data from so-called event
logs (Van der Aalst, 2016). These event logs are generated by various information
systems that are used in organizations and, therefore, capture how organizational
processes are executed in real life. Process mining has been applied in various health-
care settings (Rojas et al., 2016). Among others, process mining has been used to
analyze patient care processes (Fei, Meskens, et al., 2010; Kim et al., 2013), den-
tistry processes (Bakhshandeh et al., 2017; Mans et al., 2012a), and cancer treatment
processes (Binder et al., 2012).

Despite the general potential of process mining in healthcare, the application of
process mining in this domain is often associated with particular challenges (Mans et
al., 2012b). One of the most common issues in this context is the absence of accurate
timestamps. Healthcare information systems often only capture the day of an activity
and not the exact point in time. As a result, the exact order of certain activities
remains unclear. Another issue is the absence of a clear start and endpoint of a
process. Often, the data entries for a single patient span several years. This, however,
does not mean that all this data relates to the same treatment process. It could be
that the patient received several treatments at the same time or had a recurrence after
a couple of years. We have encountered both issues, and the steps taken to handle
these issues are discussed in the following section.

2.3 Methodology
Below, we will first present an overview of the data and describe how the data was
extracted. Then, we explain how the extracted data is converted to event logs. Once
the event logs are created, we can discuss the process of data cleaning and filter-
ing. Finally, we explain how the cleaned and filtered event logs are used to discover
patterns of aggressive behavior.

2.3.1 Data Extraction and Overview
For our research, we acquired a data set from a Dutch healthcare organization that
operates 54 residential care facilities in the Netherlands. It specializes in providing
care for people with mild intellectual disabilities (IQ between 50 and 70), borderline
intellectual functioning (IQ between 70 and 85), co-occurring psychiatric disorders,
and physical disabilities. The total number of clients this organization cares for is
about 3,000 (the exact numbers vary over the period we consider). Our data set
covers all aggression incidents reported on all wards starting from the 1st of January
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Figure 2.1: Methodology

Client ID Timestamp Time slot Target Means Consequences

L002eR 04/09/2015 16:00-17:00 Themselves Teeth Visible injuries
L002eR 11/09/2015 17:00-18:00 Themselves Hands Visible injuries
LHZ02 03/05/2016 11:00-12:00 Staff member Hands Pain 5 min.
LHZ02 22/05/2016 10:00-11:00 Objects Hands Damage to property
LH88E3 26/12/2016 19:00-20:00 Staff member Verbal Felt threatened
H030E 02/02/2017 14:00-15:00 Objects Feet Damage to property

Table 2.1: Snippet of the raw data as an example

2015 until the 31st of December 2017. The total number of incidents in our data set
is 21,706.

Table 2.1 shows an extract of the raw data we obtained. We can see that each
entry about an aggression incident includes: a reference to the aggressor (client ID),
the day (timestamp), an approximate point of time (time slot), information about
the target (e.g. objects), the means (e.g. hands), and the consequences (e.g. pain
5 min.). The caretakers self-report on these incidents through a standardized digital
reporting form with pre-defined categories.

To apply process mining to our data set, several requirements need to be met. The
starting point of every process mining analysis is a so-called event log. These event
logs must contain at least three specific attributes: (1) a unique case identifier (case
ID), (2) an activity description, and (3) an appropriate timestamp. As illustrated
by the extract shown in Table 2.1, the raw data set does not fulfill these criteria.
Among others, a case ID is missing (note that a client ID is not a case ID since a
single client might be associated with several cases) and there is no clear notion of
an activity. Against this background, our methodology includes several preparatory
steps represented in Figure 2.1. The first step is described above in the section Data
Extraction and Overview.

2.3.2 Event Log Creation
The second step was the creation of an event log that is suitable for a process mining
analysis. To obtain such an event log, we had to introduce 1) a suitable activity
attribute, 2) an appropriate case ID, and 3) a proper timestamp. Table 2.2 shows an
extract of the final event log.

Activity Design. In order to introduce a suitable activity attribute, we designed
a simple algorithm that categorized each incident into one out of four aggression
categories: physical aggression towards other people (PP), self-injurious behavior
(SIB), physical aggression towards objects (PO), and verbal aggression (VA). Due



24 ∣ Chapter 2 – Detecting Patterns in Aggressive Incidents

Case ID Activity Timestamp

L002eR-2015-09 Auto mutilation (SIB) 04-09-2015 16:00
L002eR-2015-09 Auto mutilation (SIB) 11-09-2015 17:00
LHZ02-2016-05 Physical aggression towards others (PP) 03-05-2016 11:00
LHZ02-2016-05 Physical aggression towards objects (PO) 22-05-2016 10:00
LH88E3-2016-12 Verbal aggression (VA) 26-12-2016 19:00
H030E-2017-02 Physical aggression towards objects (PO) 02-02-2017 14:00

Table 2.2: Snippet of the event log

to privacy reasons, we did not include data on sexually inappropriate behavior.
We designed the algorithm using a rule book approach based on (Nijman et al.,
1999). The rules were adjusted based on the input from experts of the healthcare
organization we collaborated with. It is important to note that a single incident can
be associated with multiple types of aggressive behavior. In such cases, only the
most severe type of aggressive behavior is considered. This is in accordance with
previous literature (Nijman et al., 1999), which proposed a hierarchy of the severity
of aggressive behavior. The four categories we consider are mentioned in their order
of severity, that is, PP is the most severe and VA is the least.

Case ID design. Choosing the client ID as the case ID may result in a process that
spans over three years. To illustrate that this may lead to a distorted view of the data,
consider the example of two clients. Client 1 has an SIB incident in early January
2015 and another in late December 2017. Client two has an SIB incident in early
May 2016 and another in late May 2016. If the client ID is chosen as the case ID,
both clients would be considered to show the same pattern of aggressive behavior,
although in the former case it is hard to argue that the two incidents are related.

Based on validation with experts, we decided to slice the data for each client in
three ways: traces of 24 hours, seven days, and one month. To this end, we created
a case ID by combining the client ID with the year, month, week, and hour values
from the timestamp. Thus, for example, one specific case for the client LHZ02 would
be the case LHZ02-2015-01 including all incidents from January 2015. We found
similar patterns using all three forms of data slicing. Thus, for consistency purposes,
we present our results on the basis of the month level.

Timestamp Design. In our raw data set, the date (dd-mm-yyyy) of an incident was
provided. To make the timestamp more precise we added available data about the
time slot and combined both into a single timestamp.

2.3.3 Data Cleaning and Filtering
The event log obtained after the preparatory steps outlined above contains a total of
21,706 aggression incidents related to 1,115 clients or 8,557 cases (client months).
To be able to detect relevant patterns using process mining, we applied three specific
filters: (1) an event filter, (2) a time filter, and (3) a recurrence filter. After applying all
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three filters our final sample size used for process mining contained 16,794 incidents
(78.2% of the total sample) spread over 822 clients included in 4,149 cases (48% of
the total sample).

The event filter removed all incidents for which no aggression incident type could
be determined (N=322). The time filter was applied to exclude cases for which erro-
neous data was recorded for the considered time frame from 2015 to 2017 (N=20).
Finally, we applied a recurrence filter to exclude all cases that only contained one sin-
gle activity (N=4570). While this had a considerable impact, our analysis aimed to
discover behavioral patterns. In order to detect a pattern at least two activities need
to be included in a case.

2.3.4 Pattern Discovery
To discover relevant patterns, we used the commercial process mining tool Disco1.
After we completed the exploratory analysis, it became clear that the data could be
split into two large groups: cases that exclusively contain the same type of aggressive
behavior (e.g., case L002eR-2015-09 in Table 2.2), and cases that contain a mix of
aggressive behavior types (e.g., case LHZ02-2016-05 in Table 2.2). Based on this
insight, we analyzed the patterns for each of these groups separately.

More specifically, we analyzed the data of each group from three angles: frequency,
time, and variation. Frequency relates to the visual patterns and captures information
about the number of incidents and transitions. Time captures details regarding the
duration between incidents. Variation looks at the various traces (i.e., specific orders
of incidents) of which the patterns consist. When performing the analyses, we looked
at both the grander schemes of all types of aggression combined per group of behavior
as well as at each type of aggression within each group of behavior.

Finally, to make sure our understanding of the discovered patterns is correct, we
validated our results with a behavioral expert from the care organization.

2.4 Results
We first present the patterns that represent mixed aggressive behavior. Then, we go
into detail about the patterns discovered capturing homogeneous aggressive behavior.

2.4.1 Mixed behavior
The patterns resulting from all cases containing at least two types of aggressive be-
havior are summarized in Figure 2.2. It shows the frequency of occurrence of each
type of aggressive behavior as well as the transition frequencies (see respective arc
label). In total, Figure 2.2 captures 2,170 cases and 10,713 incidents.

Figure 2.2 illustrates that there are two types of aggressive behavior that are rela-
tively frequent: physical aggression against other people (PP) and verbal aggression
(VA). The other two types of aggression (physical aggression towards objects (PO)
and self-injurious behavior (SIB)) account for less than 25% of all incidents. Further-

1https://fluxicon.com/disco/



26 ∣ Chapter 2 – Detecting Patterns in Aggressive Incidents

Figure 2.2: Directly-follows graph for the mixed behavior group, for a detailed account regard-
ing the way this graph should be interpreted please refer to (Van der Aalst, 2016, p. 223)

more, we can see that around half the cases start or end with an incident of PP. This
indicates that PP serves as both enabler of and amplifier to other types of aggression.

To

From

VA PP PO SIB
VA 62.0% 29.7% 4.3% 4.0%
PP 12.0% 76.4% 4.8% 6.8%
PO 15.9% 44.1% 35.2% 4.9%
SIB 7.2% 26.3% 3.0% 63.5%

Table 2.3: Relative transition frequencies

Table 2.3 provides further insights into the underlying patterns by showing the
relative transition frequencies (i.e. in how many percent of the cases we observe
a transition from one type of behavior to another). The bold figures indicate the
most frequent transitions and the underlined figures are the second-most frequent
transitions for each type. The data allows for four interesting observations. First, the
repetition of the same type of aggressive behavior is the most frequent pattern (see
VA-VA, PP-PP, and SIB-SIB). Second, focusing on patterns without repetition, the most
frequent transition is to PP (see VA-PP and SIB-PP). Third, PO shows the reverse of
both previous points, its most frequent transition is to PP and its second most frequent
transition is to itself (PO-PO). Fourth, PO and SIB are rarely followed by other types
of aggressive behavior besides a repetition of the same behavior or a transition to PP.

2.4.2 Homogeneous Behavior
The results for the group with homogeneous behavior are summarized in Figure 2.3.
It shows the frequency of occurrence of each type of aggressive behavior as well as the
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Figure 2.3: Directly-follows graph for the homogeneous behavior group

transition frequencies (see respective arc label). In total, Figure 2.3 captures 1,979
cases and 5,388 incidents.

The numbers in Figure 2.3 show that PP is the most frequent type of repetitive
behavior (60%) followed by VA (25%). Only about 10% of the incidents relate to
SIB and 4% to PO incidents. The same distribution holds when we are looking at the
number of cases rather than the number of incidents.

Looking into the average number of incidents per month allows for further insights.
Interestingly, this number varies per type of aggression: SIB (3.5 incidents) and PO
(3.4 incidents) have a higher average than PP and VA (both 2.6 incidents). In ad-
dition, when we consider the aspect of time, we observe that the median duration
between two incidents is considerably longer for PO. Here the median between two
PO incidents is the longest with 6 days, whereas the median for PP and VA is 4 days
and SIB is 3 days. This shows that there is a negative relation between the average
number of incidents per month and the median duration between two incidents. In
other words, the higher the average number of incidents per month, the shorter the
median duration between two incidents. However, PO is an exception to this since the
average number of incidents per month is on the high end, but the median number
of days between two incidents is high as well.

2.5 Discussion
Taking a holistic view of the results from our analysis, we identify three findings: (1)
repetition of the same type of behavior occurs most frequently, (2) PP plays a central
role, and (3) PO exhibits deviating patterns.

First, we see that repeating the same type of aggressive behavior is the most fre-
quently observed transition between two incidents. Although the number of cases
included in the mixed and within the homogeneous group is roughly equal, we can
see that the most observed behavior within the mixed group is still a repetition of
the same type of behavior. Through the validation with a behavioral expert, we found
that this can be explained by the fact that the behavior of clients is usually determined
by their habits. As such, it is unexpected for clients to change their behavior. How-
ever, most clients also follow behavioral adaptation treatments aimed at changing this
behavior. In this light, it is unexpected to see such a high percentage of repeating the
behavior. The behavioral expert hypothesized that the high percentage of repeating
behavior could indicate that the treatments are often not successful.
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Second, in both groups of aggressive behavior, PP is the most frequently observed
behavior accounting for around 60% of the total number of incidents. Besides being
the most frequently observed type of aggressive behavior, in Figure 2.2, we see that
PP in a mixed behavior environment is the epicenter of the system. There is rela-
tively little interaction among the other forms of aggressive behavior except when
accommodated through PP. Through the expert validation we found that one possible
explanation is that when an aggressive incident occurs, a caretaker usually intervenes,
thereby moving the target of aggression towards him/herself.

Third, PO represents an exception to the general patterns observed in both mixed
and homogeneous behavior groups. We observed that cases showing this type of
aggression follow a different evolution of behavior compared to the other types of
aggression. We see for example that the pattern PO-PO is not as frequently observed
as with the other types of aggression. In addition, if it is observed, the time between
two incidents is relatively long. This is interesting as it could indicate that PO is a
fundamentally different type of aggression compared to the other types of aggression.

It is important to note that our findings are subject to a number of limitations.
More specifically, we identify three main limitations to this study. First, our data set
is not representative in a statistical sense. While our data set contains a considerable
number of patients and incidents, we cannot extrapolate our findings to other care
facilities. Second, our data set may contain different kinds of biases due to manual
reporting. For example, caretakers may report incidents in bulk, meaning multiple in-
cidents are included in a single report at the end of the day or week in order to reduce
administrative load. Although we know that this was not used very frequently, the
existing bulk reports are counted as a single incident as there is no indication about
how many incidents are reported in one bulk report. Another reporting bias relates
to VA, SIB, and PO. From the discussion with experts, we learned that these incidents
are sometimes reported less frequently since they are perceived as less severe by staff.
Last, in terms of data slicing we use a blunt-force approach to slice the cases into
months, ideally, we would introduce a time box (such as introduced in Rinner et al.,
2018) to avoid this challenge in future work.

2.6 Conclusion
Research looking into the aggressive behavior in clients with intellectual disabilities
has exclusively investigated this phenomenon from a static perspective. In this chap-
ter, we advanced on this by using a process mining approach to look into the evo-
lution of aggressive behavior in clients with intellectual disabilities. This enabled us
to obtain insights into the relations among different types of aggression and to infer
patterns of aggressive behavior. We found that there are mainly two groups of clients:
those with homogeneous and those with mixed aggressive behavior. Among others,
we found that repetitive behavior is the most frequently observed behavior. In addi-
tion, results show that physical aggression towards other people plays a central role
in a majority of the behavioral patterns

With these insights, this research contributed to a better understanding of aggres-
sive behavior aiding further development in this field. From a practitioner’s point of
view, the discovered patterns can aid the development of prevention and treatment
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techniques. Despite the interesting findings, we are aware of the limitations of our
study. Therefore, we plan to follow up on our work by further developing insights into
the discovered patterns. We aim to identify causal relations between the static char-
acteristics of incidents and the behavioral patterns, thereby uncovering more refined
patterns of aggression. Furthermore, we plan to include additional care facilities to
increase the external validity of our results.





CHAPTER 3

Looking for Meaning: Discovering
Action-Response-Effect Patterns

in Business Processes



Reading Guide. In the previous chapter we discovered patterns in
aggressive behavior by applying process mining techniques. This pro-
vides insights into what the behavior looks like. However, questions
remain regarding the how question? In other terms, what are the
causes and effects of the aggressive incidents? In this chapter, we
further address these types of questions as we set out to look into
the potential dependency relations between the activities within an
aggressive incident. We do this by proposing a novel technique to
detect, analyze, and visualize potential dependency patterns in work
processes.

This chapter is based on the following publication:

Koorn, J. J., X. Lu, H. Leopold & H. A. Reijers (2020), “Looking for meaning: discovering
action-response-effect patterns in business processes”, in: International Conference on Business
Process Management, Springer, pp. 167–183.
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3.1 Introduction
The desire to improve organizational processes has led to the adoption of process
mining in many industries (De Weerdt et al., 2013; Rojas et al., 2016). One of the
key advantages of process mining is that it enables organizations to understand, an-
alyze, and improve their processes based on process execution data, so-called event
logs. Such event logs capture how organizational processes are executed and can be
extracted from various information systems that are used in organizations (Van der
Aalst, 2016).

While the advantages of process mining have been demonstrated in many domains,
the application of process mining is still associated with different challenges. One
particularly important challenge is to provide the user with a process representation
that a) is easy to understand and b) allows the user to obtain the required insights
about the process execution. To this end, various process discovery algorithms have
been proposed, including the heuristic miner (Weijters & Van der Aalst, 2003), the
fuzzy miner (Günther & Van der Aalst, 2007), and the inductive miner (Leemans
et al., 2013). What all of these algorithms have in common is that they focus on
discovering the control flow of a process, i.e., the order constraints among events.

In many scenarios, however, the control flow perspective is not sufficient for un-
derstanding and improving the process. As an example, consider the care process of
a residential care facility supporting clients with their daily needs. The main goal of
this process is to ensure the well-being of clients. One of the main factors negatively
affecting the well-being of clients is incidents of aggressive behavior, e.g. when clients
verbally or physically attack other clients or staff. Staff responds to aggressive inci-
dents with one or multiple measures ranging from verbal warnings to seclusion. A
key question in the context of process improvement is which of these measures leads
to desired (i.e., de-escalation of aggressive behavior) or undesired (i.e., escalation of
aggressive behavior) outcomes.

From a process perspective, this requires understanding the action-response-effect
patterns. In the healthcare process, we consider the aggressive incidents as actions,
the countermeasures taken to the incident as responses, and the follow-up incidents
as effects. Action-response-effect patterns are not accounted for in existing discovery
algorithms. As a result, their application to such event logs leads to a process repre-
sentation that is either hard to read (because it contains too many connections) or it
does not allow the user to obtain actual insights about the process (because it does
not show the effect of behavior).

Recognizing the limitation of existing algorithms with respect to showing mean-
ingful insights into action-response-effect patterns, we use this chapter to propose a
novel discovery technique. We leverage well-established statistical tests to analyze
event logs in order to discover simplified graphical representations of business pro-
cesses. We simplify the resulting models by highlighting the statistically significant
dependency relations according to statistical tests, while insignificant relations are
hidden. We conduct an evaluation with an event log from a Dutch residential care
facility containing a total of 21,706 aggression incidents related to 1,115 clients. We
show that our technique allows us to obtain important insights that existing discovery
algorithms cannot reveal.
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EID CID Timestamp action Response(s)

1 1 12-05 09:53 VA Warning
2 1 13-05 13:35 PO Distract Client, Seclusion
3 1 26-05 09:32 VA Warning
4 1 26-05 11:02 PP Distract Client
5 2 21-06 14:51 VA Distract Client
6 1 23-06 21:23 VA Distract Client
7 2 24-06 17:02 VA -
8 3 29-08 11:22 VA Warning
9 3 31-08 08:13 PO Warning, Seclusion
10 3 31-08 10:48 PP Distract Client

Legend: EID = Event identifier, CID = Client identifier,
VA = Verbal Aggression, PP = Physical Aggression
(People), PO = Physical Aggression (Objects),

Table 3.1: Excerpt from an action-response log of a care process

The rest of the chapter is organized as follows. Section 3.2 describes and exempli-
fies the problem of discovering action-response-effect patterns. Section 3.3 introduces
the formal preliminaries for our work. Section 3.4 describes our proposed technique
for discovering action-response-effect patterns. Section 3.5 evaluates our technique by
applying it to a real-world data set. Section 3.6 discusses related work and Section
3.7 concludes the chapter.

3.2 Problem statement
Many processes contain action-response-effect patterns. As examples consider health-
care processes where doctors respond to medical conditions with a number of treat-
ments, service processes where service desk employees respond to issues with tech-
nical solutions, and marketing processes where customers may respond to certain
stimuli such as ad e-mails with increased demand. Let us reconsider the example
of the healthcare process in a residential care facility in order to illustrate the chal-
lenge of discovering an understandable and informing process representation from
an event log containing action-response relations. The particular aspect of interest
are incidents of aggressive behavior from the clients and how these are handled by
staff. Table 3.1 shows an excerpt from a respective event log. Each entry consists of
an event identifier EID (which, in this case, is equal to the incident number), a case
identifier CID (which, in this case, is equal to the client identifier), a timestamp, an
aggressive incident (action), and one or more responses to this event.

Figure 3.1 a) shows the directly–follows-graph that can be derived from the events
of this log. It does not suggest any clear structure in the process. Although this graph
is only based on twelve events belonging to three different event classes, it seems that
almost any behavior is possible. In addition, this representation does not provide any
insights into certain hidden patterns (Van der Aalst, 2019). However, if we take a
closer look, we can see that there are effects to a certain response. For instance, we
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(a) Directly-follows graph (b) Petri net

Figure 3.1: Representations resulting from the action-response log from Table 3.1

can see that over time the aggressive incidents related to client 1 escalate from verbal
aggression to physical aggression against objects and people. The verbal aggression
event in June (EID = 6) is probably unrelated to the previous pattern since it occurs
several weeks after. To gain an even deeper understanding, we need to take both
the response and its effect into account. Both client 1 and 2 escalate from verbal
aggression to physical aggression after the verbal aggression was only countered with
a warning.

These examples illustrate that explicitly including the responses and effects in the
discovery process is important for answering the question of how to possibly respond
to an action when a certain effect (e.g. de-escalating aggressive behavior) is desired.
Therefore, our objective is to discover a model that: (1) shows the action-response-
effect process, and (2) reveals the dependency patterns of which responses lead to
desired or undesired outcomes (effect). There are two main challenges associated
with accomplishing this:

1. Graphical representation: From a control-flow perspective, action-response re-
lations are a loop consisting of a choice between all actions and a subsequent
and-split that allows to execute or skip each responses. Figure 3.1 b) illus-
trates this by showing the Petri net representing the behavior from the log in
Table 3.1. Obviously, this representation does not allow understanding which
responses lead to a desired or undesired effect.

2. Effective filtering mechanism: The possible number of responses calls for a fil-
tering mechanism that allows inferring meaningful insights from the model. In
the example above, we only have three event classes and three event response
classes (plus the “no response"). This results in eight possible responses. In the
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case of 5 response event classes, we already face 32 (=25 possible responses.
Including all these response arcs in a model will likely lead to an unreadable
model that does not allow inferring the desired insights.

In the next sections, we propose a technique that creates graphical representations
of dependency patterns in action-response effect logs.

3.3 Preliminaries
In this section, we formalize the concept of action-response-effect event logs.
Definition 3.3.1 (action-response-effect Log) Let E be the universe of event identi-
fiers. Let C be the universe of case identifiers. Let d1, ..., dn be the set of attribute names
(e.g., timestamp, resource, location). Let A be the set of actions and R a finite set of
responses. An action-response log L is defined as L = (E, πc, πl , πr, πd1

, ..., πdn ,<), where
˛ E ⊆ E is the set of events,
˛ πc ∶ E → C is a surjective function linking events to cases,
˛ πl ∶ E → A is a surjective function linking events to actions,
˛ πr ∶ E → 2R is a surjective function linking events to a set of responses,
˛ πnext ∶ E → C is a surjective function linking events to the effects,
˛ πdi

∶ E → U is a surjective function linking the attribute di of each event to its
value,

˛ < ⊆ E × E is a strict total ordering over the events.
Given an action-response log L according to Definition 3.3.1, we shall use the short-

hand notation σ = ⟨e1, . . . , en⟩ in the remainder of this chapter to refer to an event trace
that consists of n events with an identical case identifier. Furthermore, for any pair of
events ei and ej with i < j, it holds that ei < ej according to the strict total ordering of
the events in log L.

The set of response events {re
1, . . . , re

n} of an event e is given by the function πr, we
write πr(e) = {re

1, . . . , re
n}. For each trace σ = ⟨e1, . . . , en⟩, the sequence of responses

is ⟨πr(e1), . . . , πr(en)⟩. For example, in the action-response log listed in Table 3.1, for
event e1: πc(e1) = 1 is the case of event e1, πl(e1) = “Verbal Aggression” is the action
of e1, and πr(e1) = {“Warning”} is the set of responses of e1.

Effects of Responses
As we discussed, we aim to investigate whether a certain response to an action has an
effect on the follow-up event. As such, we measure the effectiveness of a response to
an action by studying the effect. For this aim, we first define the effects of events by
using the function πnext and introducing parameter ε for elapsed time. For each trace
σ = ⟨e1, ..., en⟩, we define the effect for each ei, where 1 ≤ i < n as follows: if the elapsed
time to the next event ei+1 is less than ε, the effect πnext(ei) of ei is the action of ei+1,
else we say that the effect is a silent action τ. Formally, if πtime(ei+1) −πtime(ei) ≤ ε,
then πnext(ei) ∶= πaction(ei+1), else πnext(ei) ∶= τ.

To test the hypothesis of whether an effect is independent of the response to an
action, the number of observed events is compared to the number of expected events
of different responses and effects. To calculate the number of observed events, we
create a matrix (table) where each cell is filled with the number of observed events of
a response and an effect. Let a ∈ A be an action, R = {r1,⋯, rm} be a set of responses,
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ID Timestamp Action Response(s) Effect

1 12-05 09:53 VA Warning PO
1 13-05 13:35 PO Distract Client, Seclusion τ
1 26-05 09:32 VA Warning PP
1 26-05 11:02 PP Distract Client τ
2 21-06 14:51 VA Distract Client VA
1 23-06 21:23 VA Distract Client τ
2 24-06 17:02 VA - τ
3 29-07 11:22 VA Warning PO
3 31-07 08:13 PO Warning, Seclusion PP
3 31-07 10:48 PP Distract Client τ

Legend: VA = Verbal Aggression, PP = Physical Aggression
(People), PO = Physical Aggression (Objects)

Table 3.2: Excerpt of the event log action-response-effect

and C = {c1,⋯, cn} a set of effects. We define a ∣R ∣ × ∣C ∣ matrix, where each row
represents a response ri, each column represents an effect cj, and each cell counts the
number of observed events that have response ri and effect cj. We have

freqa,R,C =
⎛
⎜⎜⎜
⎝

f1,1 f1,2 ⋯ f1,n
f2,1 f2,2 ⋯ f2,n
⋮ ⋮ ⋱ ⋮

fm,1 fm,2 ⋯ fm,n

⎞
⎟⎟⎟
⎠

where

fi,j = freqL(a, ri, cj) = ∣{e ∈ L ∣ πl(e) = a ∧ ri ∈ πr(e)∧πnext(e) = cj}∣ (3.1)

For instance, given a log L as listed in Table 3.2, f reqL(“VA”, “Warning”, “PO”) =∣
{e1, e8}∣= 2. Considering the observed section in Table 3.3 and omitting the column
totals and row totals, it exemplifies a matrix freqa,R,C. If the effects are independent
of responses, then we should observe that the distribution of effects of a response is
similar to the total distribution.

Each row ri presents the distribution of effects c1, ..., ck to the response ri. To test
whether each individual response ri has an influence on the effects, we define freqa,r,C
as a 2× ∣C∣ matrix:

freqa,r,C = ( f1,1 f1,2 ⋯ f1,n
f2,1 f2,2 ⋯ f2,n

)

where f1,j = freqL(a, r, cj) and

f2,j = ∣{e ∈ L ∣ πl(e) = a ∧ r ∉ πr(e)∧πnext(e) = cj}∣ (3.2)

An example of freqa,r,C where r is “Terminate contact” is listed in Table 3.4. In the
following section, our approach first performs a chi-squared test which allows us to
calculate the expected values and test the dependency between responses and effects.
The chi-square test compares the observed frequencies to the expected frequencies. If
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Observed PO PP VA τ Total

Warning 250 400 200 50 900
Held with force 20 50 50 10 130
Seclusion 30 50 20 10 110
Terminate contact 100 100 90 10 300
Distract client 100 150 40 10 310
Total 500 750 400 100 1750

Expected PO PP VA τ Total

Warning 257.1 385.7 205.7 51.4 900
Held with force 37.1 55.7 29.7 7.4 130
Seclusion 31.4 47.1 25.1 6.3 110
Terminate contact 85.7 128.6 68.6 17.1 300
Distract client 88.6 132.9 70.9 17.7 310
Total 500 750 400 100 1750

Legend: VA = Verbal Aggression, PP = Physical Aggression (People),
PO = Physical Aggression (Objects)

Table 3.3: Excerpt of the tables used to perform high-level statistical tests; horizontal cate-
gories: effect, vertical categories: response

Observed PO PP VA τ Total

Terminate contact = 0 300 500 210 90 1100
Terminate contact = 1 100 100 90 10 300
Total 400 600 300 100 1400

Expected PO PP VA τ Total

Terminate contact = 0 314.3 471.4 235.7 78.6 1100
Terminate contact = 1 85.7 128.6 64.3 21.4 300
Total 400 600 300 100 1400

Legend: VA = Verbal Aggression, PP = Physical Aggression (People),
PO = Physical Aggression (Objects)

Table 3.4: Excerpt of the tables for an individual response used to perform statistical tests;
horizontal categories: effect

they differ significantly, then the null hypothesis is rejected, which means we cannot
rule out that there is a dependency relation between the response and the effect.

The complete event logs containing action-response-effect are used in the technique
proposed in this chapter. The next section elaborates on this.

3.4 Discovery technique for action-response logs
In this section, we propose an algorithm to implement a discovery technique, see Al-
gorithm 1. This technique builds on the formalization introduced previously. The goal
is to create understandable process models that provide the user with the required in-
sights into the execution of the process. First, we describe the pre-processing that
needs to take place (Input for Algorithm 1). Then, we elaborate on the technique
which consists of three main stages: (1) high-level statistics (line 1-7 in Algorithm 1),
(2) detailed statistics (line 8-11), and (3) identifying influential points (line 12-19).
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Algorithm 1 Compute graph
Input: Event log L
Output: Graph G = (V,≺)
1: {STAGE 1: High-Level Statistics}
2: for a ∈ A do
3: Initiate matrix O[a]← freqa,R,C {see Equation 3.2, calculate the observed values}
4: Compute matrix E[a] {calculate the expected values by following the chi-square test, see (Cochran, 1952)}

5: Compute χ2
a =

(O[a]−E[a])2

E[a] {To test the dependence between responses R and effects A ∪ {τ}}

6: if χ2
a is significant then

7: {O[a] differs from E[a], thus responses R have a statistically significant influence on the effects C}
8: {STAGE 2: Detailed Statistics}
9: for response r ∈ R do
10: Compute matrix O[a]r , E[a]r , and χ2

a,r

11: if χ2
a,r is significant then

12: {STAGE 3: Influential Points}
13: Compute adjusted standardized residuals ASRc {see Section 3.4.4}
14: for effect c ∈ A ∪ {τ} do
15: if ASRc is significant then
16: {draw the arc from r to c}
17: V ← V ∪ {as}∪ {r}, ≺←≺ ∪{(as , r)}∪ {(r, c)}
18: end if
19: end for {effect}
20: else
21: {χ2

a,r is insignificant, i.e., r has no significant influence on C. We do not draw node r or any arc from r
to C}

22: end if
23: end for {response}
24: else
25: {Observed O[a] follows the expected values E[a], thus response R has no statistically significant influence on

the effects C; thus, no arcs are drawn}
26: end if
27: end for {action}
28: return G

3.4.1 Pre-processing the Event Log
We first pre-process the log to obtain the effects of responses. As we are studying the
effect of a response to an action, the duration between a response and its effect influ-
ences the likelihood of a dependency relation between the two. Let us return to our
example: if there is an aggressive incident, there is a given response to this incident.
However, if the next incident takes place after a long time (e.g. a year) we doubt
that this new incident is still dependent on the response to the initial action. Thus,
we defined the parameter epsilon (ε), see Section 3.3. ε represents the maximum
duration between two events in which the first event is still considered to have an
effect on the second event. For our specific example, we define ε equaling seven days
in line with the input of an expert. Based on the ε, we introduce state τ. It represents
the state we reach if there is no next incident within the defined duration of ε. In
Table 3.2 we can see, for example, that distracting the client seems to be related to τ.

3.4.2 Computing High-Level Statistics
After pre-processing the event log, we investigate for each action the significant rela-
tion between the responses and the effects. In our example, the client shows a certain
type of aggressive behavior (the action). Given this, we are interested in how the re-
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sponse of a caretaker to that incident has an effect on the follow-up incident. Hence,
we will explain the technique with a fixed initial action.

In Table 3.3, an example of the observed and calculated expected frequencies can
be found given the action is physical aggression against objects (see lines 2 & 3 in Al-
gorithm 1). This allows us to perform a Pearson Chi-square test (Cochran, 1952) (see
line 4). Based on a confidence level α (usually 95%), the calculated χ2 is compared
to the Chi-square distribution to see if there is at least one pair of response-effect
significantly different. If the chi-square score is insignificant, the action is excluded
from the graphical representation (see line 22). If the Chi-square is significant (see
line 5), this indicates that the effects may depend on the response. We then move to
the second stage, see Section 3.4.3.

We demonstrate this first stage by applying it to a designed example based on our
case study presented in Table 3.3. Based on the observed values, we can calculate
the expected values in the table, for example, the expected value for the first cell:
response Terminate Contact and effect VA = Nr×Nc

E[a][r][c] =
300×400

1750 = 68.6. We know from
Table 3.3 that there are five response classes and four effect classes, so the degrees
of freedom: c = (5 − 1) × (4 − 1) = 12. Given all this, we can calculate the Chi-square
score for the overall table:

χ2
c =

5
∑
i=1

(OWarning,PO − EWarning,PO)2

EWarning,PO
+ ....+

(ODistract client,τ − EDistract client,τ)2

EDistract client,τ

χ2
12 =

(250− 257.1)2

257.1
+ ...+ (10− 17.7)2

17.7
= 63.47

Now we need to determine if this score is significantly different from the mean of the
Chi-distribution (Fisher & Yates, 1938). The formula for calculating the p-value is
complex and will thus not be discussed in detail in this chapter. For more details, we
refer to (Fisher & Yates, 1938). In our case the p-value (< 0.001) corresponding to our
Chi-square score is significant. This shows that for at least one pair of response-effect
given action PO there is a significant difference from the expected frequency. Thus,
we perform a Chi-square test for each individual response.

3.4.3 Computing Detailed Statistics
In the second stage of the algorithm, we perform the Chi-square test again on each
response class to determine for which response we need to perform post-hoc statistical
tests (see lines 6 - 8 in Algorithm 1). For this purpose, we create dummy variables.
A dummy variable is made for each individual response, which takes the value of 0
or 1. The new table we create is a 2 x 4 table where the rows represent the response
either taking a 0 or 1 value, see Table 3.4. Note that the degrees of freedom change
to three now. The same formulas are used to calculate the individual response Chi-
square score and the corresponding p-value. A Bonferroni correction (Haynes, 2013)
is made to correct the critical value for the fact that on the same table multiple sets of
analyses are performed. The Chi-square test identifies for which responses there is at
least one effect that is significantly different from the expected frequency. If the Chi-
square score is significant, we create a node for the response and perform post-hoc
tests to identify the exact pairs of response-effect that are significant (see line 9).



Section 3.4 – Discovery technique for action-response logs ∣ 41

We will demonstrate this stage on our designed example. We test five times (one
for each response). Thus, we apply the Bonferroni correction (Haynes, 2013) on
confidence level of 95% (meaning α = 0.05): 0.05

5 = 0.01. If we take Table 3.4, we can
use the same formulas as presented in the previous section to calculate the expected
values. Note that we assume independence of responses. Thus, if there are two
responses, the action is counted twice: once for response 1 and once for response 2.
Therefore, the observed frequencies in Table 3.3 are not necessarily equal to those in
Table 3.4. If we perform the Chi-square test for the response terminate contact we get
a Chi-square score of 31.96 with a p-value < 0.001. Thus, for the response terminate
contract there is at least one effect that is significantly different from the expected
frequency. A post-hoc test will identify the exact pairs for which this is true.

3.4.4 Identifying Influential Points
In the last stage, the post-hoc tests are performed to test which exact pairs of response-
effect have a significant contribution to the Chi-square test score. For this, the ad-
justed standardized residuals (ASR) (Agresti, 2003) are calculated (see line 10 in Al-
gorithm 1). They represent a normalization of the residuals (observed - expected fre-
quency). As the residuals can take either a positive or negative value we use two-sided
testing. In order to improve the interpretability, we transform the α level into a critical
value. We refer to (Fisher & Yates, 1938) for details on this. If ∣ASR∣ > criticalscore
the difference between observed and expected frequency is significant. A significant
score means that a specific pair of response-effect has a significant impact on the over-
all test score. We will refer to these as influential points. If the score is insignificant,
no arc is drawn for that pair of response-effect

For each influential point, arcs are drawn in the graphical representation (see lines
11-14). We first draw an arc from the action to the responses. On this arc, we
indicate the observed frequency of the behavior. Then, we draw an arc from the
response to the effect(s) for which we found a significant relation. On the arc, we
display the observed frequency followed by the expected frequency in brackets. If the
observed frequency is larger than the expected frequency, i.e. the response leads to
an increase in the frequency of effect, we draw a thick arc. Correspondingly, if the
observed frequency is lower than the expected frequency we draw a thin arc. The
total number of graphical representations created equals the number of actions for
which a significant Chi-square score is found (see line 25).

Now, we turn to the designed example. From the previous section, we know that
the response Terminate contract results in a significant Chi-square score. To calculate
which points are influential points we calculate the adjusted standardized residuals
for each pair. To exemplify, we show the calculation of the ASR for the pair Terminate
contact = 1 and VA:

ASR = 90− 64.3√
64.3 ∗ (1− 64.3

300 ) ∗ (1− 64.3
300 )

= 4.08

Given our Bonferroni correction gave us an alpha of 0.01 (see the previous section),
we need to test on the 99 % confidence level. The critical absolute value for this is
2.57. Thus, if our ASR value is > ∣2.57∣ we mark it as an influential point and draw an
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arc in the graphical representation. In the example of the pair Terminate contract =
1 and VA the ASR is larger than the critical score (4.08 > 2.57). Therefore, we draw a
thick arc in the graphical representation of this example.

After conducting the above-described calculations for all actions, responses, and ef-
fects from the designed example, we obtain a total of three graphical representations
(one for each action). In the next section, we evaluate the technique by applying it to
a real-world data set.

3.5 Evaluation
The goal of this section is to demonstrate the capability of our technique to discover
models that allow obtaining meaningful insights into action-response-effect patterns.
To this end, we implemented our technique in Python and applied it to a real-world
data set. The scripts are publicly available for reproducibility1.

3.5.1 Data set
To evaluate our technique, we use a real-world data set related to the care process of a
Dutch residential care facility. The event log contains 21,706 recordings of aggressive
incidents spread over 1,115 clients. The process captured in this log concerns the
aggressive behavior of clients in their facilities and the way client caretakers respond
to these incidents. In the log, we can find an aggressive incident of the client, which
fits in one of five action classes. This is followed by some measures taken by the staff
as response to this incident, which fits in one of nine response classes. In line with the
description of our technique, we transformed this log into suitable triples by adding
the next aggressive incident of a client as the effect, given it took place within our
ε. Thus, the effect can be one of five classes. As there are four different classes of
actions, our technique will return four different graphical representations. Below, we
present and discuss the results for one class of action: physical aggression against
objects.

3.5.2 Results
Healthcare Case Results
After applying our technique to the data set, we obtain four graphs (one for each class
of action). In Figure 3.2 we show the resulting graph when the initial action is phys-
ical aggression against objects (“po_s” in the figure). What we can see in the graph
is the observed frequencies of the responses. For example, terminate contact has been
observed 299 times in our data as a response to physical aggression against objects.
Following this, the graph shows that in 43 events the effect to this response class is
verbal aggression. From the data, we know that, in total, there are four action classes,
nine response classes, and five effect classes. As such, the representation for one ac-
tion could potentially contain 81 (9 ∗ 4 + 9 ∗ 5) arcs. In our graphical representation,
we do not draw all these arcs, we only draw seven of them.

1Source code and results: github.com/xxlu/ActionEffectDiscovery.

https://github.com/xxlu/ActionEffectDiscovery
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Figure 3.2: Graphical representation of applying our technique on the action-response-effect
event log. The initial action is physical aggression against objects

Each arc represents a significantly higher (thick arc) or lower (thin arc) amount of
observed compared to expected frequencies of interactions between the response and
effect. As can be seen in the graph, this reduces the number of arcs substantially such
that the impact of each individual response to a physical aggression against objects
event can be studied.

Focusing on the insights we can obtain from the graphical representation in Fig-
ure 3.2. The figure shows that responding to a physical aggression against objects
event with seclusion results in a significantly higher amount of physical aggression
against people (“pp" in the figure). This can be seen by the thicker arc or by com-
paring the observed frequency (42) with the expected frequency (25). Studying the
frequencies we can conclude that we observe that the response seclusion is almost 1.7
times as likely to have the effect equaling physical aggression against people com-
pared to what is expected. In similar fashion, the response terminate contract and
distract client lead to a higher likelihood of one class of effect. However, the response
seclusion leads to a significantly lower likelihood of the effect being no next aggression
incident (τ).

Comparison to Control-Flow Based Discovery

Figure 3.3, created using Disco2, illustrates that a control-flow based discovery ap-
proach, such as the directly-follows approach, cannot provide such insights in the
context of action-response-effect logs. The process model contains a large number of
arcs. The number of arcs here increases exponentially with the number of responses
observed. A possible solution to this could be to add information to the control-flow-
based representation, such as the observed frequencies of the arcs or nodes. However,
filtering based on the frequencies does not always have the desired result. This can
also be seen in Figure 3.3. It could even be misleading since the data set is imbal-
anced. In this real-world scenario, a high frequency does not imply a significant pat-
tern. This becomes obvious if we compare the approaches. From the figures, we can
see that none of the significant response-effect pairs from Figure 3.2 are displayed
in Figure 3.3. In order to understand the relations in the representation, we have

2Disco Tool Website: https://fluxicon.com/disco/.

https://fluxicon.com/disco/
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Figure 3.3: Directly-follows process model of the real-world event log for the initial action
physical aggression against objects. This shows the process filtered on 5% of the possible
activities and paths. This model is created using Disco

to account for the relative frequencies. These reveal the meaningful insights that are
hidden in the representation of a discovery technique such as the control-flow. Hence,
even after applying filtering mechanisms, Figure 3.3 does not provide the insights that
are required to answer a question such as: If a client displays aggressive behavior of
class X, which response is likely to lead to a (de-)escalation or future aggression?

3.5.3 Discussion
Insights
The key question identified at the start of this research addressed the desire to express
insights into how a response to an action can lead to a desired or undesired outcome
(effect). In our problem statement, we identified two main challenges associated
with this that need to be overcome: (1) graphical representation, and (2) effective
filtering mechanism. Studying the example of aggressive behavior highlights how the
proposed technique addresses both of these challenges. Figure 3.2 shows that our
technique creates a simple graphical representation that allows for insights into de-
pendency relations that cannot be obtained using Figure 3.3. In addition, comparing
the same figures we can see that the use of statistics reduces the number of arcs sub-
stantially. The filtering mechanism is effective in the sense that it filters those arcs
that are meaningful, as opposed to those that are merely frequent.

As a result in Figure 3.2 we can see the effects of responses to aggressive incidents.
Important to note is that physical aggression against people is seen as the most and
verbal aggression as the least severe form of aggressive behavior. The figure shows
that responding to a physical aggression against objects event with seclusion increases
the likelihood of the next event being physical aggression against people. In other
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words, this response leads to an undesired outcome: escalation of the aggressive
behavior of the client. In contrast, we observe that the response terminate contact is
more likely to lead to a verbal aggressive incident. Thus, this represents the desired
outcome: de-escalation of future violence. Finally, the response distract client has
the effect that the client is more likely to repeat the same class of action (“po" in the
figure), indicating a circular relation.

Implications
One interesting implication of our technique is that the generated insights can be
used to support decision-making processes. In our example, Figure 3.2 can be used to
train existing and new staff members to ensure that appropriate responses are taken.
Placing this technique in a broader medical context, the technique could help make
informed decisions when different treatment options are considered. In a different
domain, the technique could help a marketing organization understand the effective-
ness of marketing strategies in terms of response to potential customers. In short, the
discovery technique provides insights into action-response-effect patterns where the
objective of analyzing the process is to understand possible underlying dependency
patterns.

Limitations
It is worth mentioning that, in our technique, we assume the independence of the
responses. This means that each response has a unique effect on the effect and there
is no interfering effect when responses are combined. For example, if response r1 is
more likely to lead to c1 and r2 to c2, then performing r1 and r2 are more likely to
lead to follow-up effects c1 or c2, but not a different effect c3. Statistical pre-tests can
be performed to verify this assumption. A basic approach is to create a correlation
matrix for the dummies of the responses. In our example, this matrix shows that
the assumption holds. In other words, no responses are strongly and significantly
correlated. If the assumption is violated then the technique should consider R′ as
input. R′ is a set of all independent classes including those groups of responses that
have a potential interfering effect.

3.6 Related Work
Over the last two decades, a plethora of process discovery algorithms was proposed
(Augusto et al., 2018). The majority of these approaches generate procedural models
such as Petri nets (Song et al., 2015; Verbeek et al., 2017), causal nets (Nguyen et al.,
2017; Yahya et al., 2016), BPMN models (Augusto et al., 2017; Broucke & De Weerdt,
2017) or process trees (Buijs et al., 2012; Leemans et al., 2013). Some approaches
also discover declarative models (Bernardi et al., 2014; Schönig et al., 2016) or hybrid
models (i.e. a combination of procedural and declarative models) (De Smedt et al.,
2015; Maggi et al., 2014). What all these techniques have in common is that they aim
to discover the control flow of a business process, that is, the execution constraints
among the process’ activities. Our approach clearly differs from these traditional
process discovery approaches by focusing on action-response patterns instead of the
general control flow.
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There are, however, also alternative approaches to process discovery. Most promi-
nently, several authors addressed the problem of artifact-centric process discovery
(Lu et al., 2015; Nooijen et al., 2012; Popova et al., 2015). The core idea of artifact-
centric process discovery is to consider a process as a set of interacting artifacts that
evolve throughout process execution. The goal of artifact-centric discovery, therefore,
is to discover the lifecycles associated with these artifacts and the respective interac-
tions among them. While artifact-centric discovery techniques move away from solely
considering the control-flow of the process’ activities, the main goal is still control-
flow oriented. A related, yet different approach to process discovery was proposed in
(Eck et al., 2016; Eck et al., 2017). This approach focuses on the different perspec-
tives of a process and discovers and captures how their relations using Composite
State Machines.

While the technique from (Eck et al., 2016; Eck et al., 2017) is potentially useful
in many scenarios we address with our technique, the insights that can be obtained
with our technique differ substantially. The technique from (Eck et al., 2016; Eck et
al., 2017) allows us to understand how different artifact lifecycle states are related.
For example, it reveals that a patient in the state “healthy" does no longer require a
“lab test". The goal of our technique is to show what actually needs to be done (or
should not be done) to make sure a patient ends up in the state “healthy". To the
best of our knowledge, we are the first to propose a technique that discovers such
action-response-effect patterns and allows the reader to develop an understanding of
why certain events occur.

3.7 Conclusion
This chapter presents a technique to discover action-response-effect patterns. We
identify two main challenges that we addressed in this research: (1) graphical repre-
sentation, and (2) effective filtering mechanism. In order to address these challenges,
we propose a novel discovery technique that builds on filtering influential relations
using statistical tests. We evaluate our technique on a real-world data set from the
healthcare domain. More specifically, we use our technique to study aggressive be-
havior and show that we gain valuable and novel insights from the representations
discovered by our technique. The representations also show that the technique tack-
les both challenges by providing an easy-to-interpret representation that only displays
meaningful relations.

In future work, we plan to further test the approach on real-world cases. In addi-
tion, we plan to extend this work in two ways: (1) by introducing more complex sta-
tistical tests to provide flexibility in the assumption of independence of the responses,
and (2) by introducing statistical tests to approximate the optimal configuration of ε.







CHAPTER 4

From Action to Response
to Effect: Mining Statistical
Relations in Work Processes



Reading Guide. The previous chapter introduced a technique to de-
tect, analyze, and visualize potential dependency patterns which are
referred to as action-response-effect patterns. This chapter extends
the proposed technique, the ARE miner, in a number of fundamental
ways. First, the performance of the ARE miner is evaluated in an ar-
tificial data setting and a benchmark is made. Second, new insights
are generated for the case study of aggressive behavior. Finally, the
algorithm on which the technique builds is refined and parameters
are fine-tuned and automatically determined. These extensions are
described in this chapter and result in the state-of-the-art version of
the ARE miner. This also concludes the first part of this dissertation.

This chapter is based on the following publication:

Koorn, J. J., X. Lu, H. Leopold & H. A. Reijers (2022a), “From action to response to
effect: mining statistical relations in work processes”, Information Systems, DOI: https :
//doi.org/10.1016/j.is.2022.102035.

https://doi.org/https://doi.org/10.1016/j.is.2022.102035
https://doi.org/https://doi.org/10.1016/j.is.2022.102035
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4.1 Introduction
Process mining is a family of techniques that helps organizations to understand, an-
alyze, and improve their work process (De Weerdt et al., 2013; Rojas et al., 2016).
The basis for process mining techniques and their analyses are so-called event logs.
These event logs are extracted from various information systems that are used within
the organizations and, therefore, provide valuable insights into how work processes
are actually executed (Van der Aalst, 2016).

Although the value of process mining has been demonstrated in various contexts,
its application is still associated with a number of challenges (Rojas et al., 2016;
Thiede et al., 2018). Two key aspects concern the way the process mining results are
presented to the user. The representation of the results must be 1) easy to understand
and 2) allow the user to obtain the required insights into the process execution. In
the past, various process discovery techniques have been proposed for this purpose
including the heuristic miner (Weijters & Van der Aalst, 2003), the fuzzy miner (Gün-
ther & Van der Aalst, 2007), and the inductive miner (Leemans et al., 2013). These
techniques, however, all approach process discovery from a control-flow perspective,
i.e., they discover ordering constraints among events.

Depending on the context, the control-flow perspective is not sufficient for under-
standing all relevant aspects of the process execution. Consider, for example, a care
process in a residential care facility. In such a facility, clients with mental and/or
physical disabilities reside and the care staff supports these clients in their daily lives.
The main goal of most processes in this facility is to ensure the well-being of clients.
To that end, the facility, among others, aims to minimize the aggressive behavior that
is prevalent at the facility since it negatively impacts the well-being of the clients and
the staff. Aggressive behavior can take many forms. For example, clients can become
verbally aggressive or physically attack other clients, staff, or also themselves. When
a client becomes aggressive, a staff member responds to the aggressive incident using
one or multiple measures. These measures range from mild measures, such as verbal
warnings, to severe measures, such as seclusion. The care facility is particularly in-
terested in uncovering which of these measures lead to desired (i.e., de-escalation of
aggressive behavior) or undesired (i.e., escalation of aggressive behavior) outcomes.

To understand and analyze such a process, we need to identify action-response-effect
patterns. In our care process example, the aggressive incident of the client represents
an action, the measure taken by the staff is a response, and the future behavior of the
client is the effect. Existing process mining techniques cannot identify such action-
response-effect patterns since their discovery requires analysis beyond the control-
flow perspective. If we were to apply existing discovery techniques to an event log
from such a care process, this would result in an unsatisfactory process representa-
tion for two reasons. First, the representation would be hard to read because it would
contain too many connections. Second, the representation would not allow the or-
ganization to obtain the insights they require because the resulting representation
would not show the effect of the behavior.

In light of these limitations of existing techniques, we propose a novel discovery
technique in this work: the ARE miner. For this technique, we take advantage of well-
established statistical tests to analyze event logs. The goal of this analysis is to dis-
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cover and visualize understandable graphical representations of work processes. We
achieve this by highlighting statistically significant and hiding the statistically insignif-
icant relations that we discover through the statistical tests. In order to investigate the
effectiveness of the technique, we evaluate it on an artificial data set and compare the
results to a technique from the control-flow-perspective: the directly-follows graph.
Furthermore, we demonstrate the applicability of the technique by conducting a case
study in a Dutch residential care facility. We analyze a total of 21,384 aggression
incidents related to 1,115 clients. Combining the insights from these two evaluations,
we show that the ARE miner provides graphical representations that are 1) easy to
understand, and 2) highlight informative insights.

This work is an extension of our earlier work that was published in the proceed-
ings of the 18th International Conference on Business Process Management (Koorn
et al., 2020). We extended the original research significantly in various ways. There
are six main differences: 1) improved graphical representation of arcs, 2) automated
determination of conceptual parameter epsilon, 3) introduction of a comprehensive
quantitative evaluation, 4) extension of the qualitative evaluation, 5) revision of the
related work, and 6) a thorough discussion of the limitations. We improved the graph-
ical representation by including the strength of the identified statistical relations in the
representation. As a further refinement of our technique, we introduced an approach
to automatically determine the parameter epsilon, which was formerly done manually
by domain experts. Now we included a data-driven approach to increase the general-
izability and applicability of our technique. Besides these conceptual differences, we
also extended the evaluation. We conducted a comprehensive quantitative evaluation
based on an artificial data set to demonstrate the performance of the ARE miner in
a broad spectrum of contexts. Furthermore, we extended the qualitative evaluation
in two ways. First, we included and discussed all graphical representations from the
case study to provide a more comprehensive view of the results. Second, we increased
the depth by discussing additional types of relations. We revised the related work part
by including a discussion on causal process mining techniques and by analyzing the
differences and overlaps between existing techniques and the ARE miner. Finally, we
expanded the limitations by critically reflecting on both limitations of the ARE miner
itself as well as its evaluation.

The rest of the chapter is organized as follows. Section 4.2 describes and exempli-
fies the problem of discovering action-response-effect patterns. Section 4.3 introduces
the formal preliminaries for our work. Section 4.4 describes the ARE miner for discov-
ering action-response-effect patterns. Section 4.5 presents the evaluation of the ARE
miner based on an artificial data set and a real-world event log. Section 4.6 elabo-
rates on the insights, implications, and limitations of our work. Section 4.7 discusses
related work before Section 4.8 concludes the chapter.

4.2 Problem Statement
Many processes contain action-response-effect patterns. As examples consider health-
care processes where doctors respond to medical conditions with a number of alter-
native treatments, service processes where service desk employees respond to issues
with technical solutions, and marketing processes where customers may respond to
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EID CID Timestamp Action Response

1 1 12-05 09:53 VA Warning
2 1 13-05 13:35 PO Distract Client, Seclusion
3 1 26-05 09:32 VA Warning
4 1 26-05 11:02 PP Distract Client
5 2 21-06 14:51 VA Distract Client
6 1 23-06 21:23 VA Distract Client
7 2 24-06 17:02 VA -
8 3 29-08 11:22 VA Warning
9 3 31-08 08:13 PO Warning, Seclusion
10 3 31-08 10:48 PP Distract Client

Legend: EID = Event identifier, CID = Client identifier, VA = Verbal Aggression,
PP = Physical Aggression People), PO = Physical Aggression (Objects

Table 4.1: Excerpt from an action-response log of a care process

certain stimuli such as ad e-mails with increased demand. Let us reconsider the ex-
ample of the healthcare process in a residential care facility in order to illustrate the
challenge of discovering an understandable and informative process representation
from an event log containing action-response relations. Of particular interest are the
incidents of aggressive behavior from the clients and how these are handled by staff.
Table 4.1 shows an excerpt from a respective event log. Each entry consists of:

1. an event identifier EID (which, in this case, is equal to the incident number),
2. a case identifier CID (which, in this case, is equal to the client identifier),
3. a timestamp,
4. an aggressive incident (action),
5. one or more responses to this event.
Figure 4.1 a) shows the directly–follows graph that can be derived from the events

of this log. It does not suggest any clear structure of the process. Although this graph
is only based on twelve events belonging to three different event classes, it seems that
almost any behavior is possible. In addition, this representation does not provide any
insights into certain hidden patterns (Van der Aalst, 2019). However, if we take a
closer look, we can see that there are effects for a certain response. For instance, we
can see that, over time, the aggressive incidents related to client 1 escalate from verbal
aggression to physical aggression against objects and people. The verbal aggression
event in June (EID = 6) is probably unrelated to the previous pattern since it occurs
several weeks after. To gain an even deeper understanding, we need to take both
the response and its effect into account. When we consider this, we see that both
client 1 and 2 escalate from verbal aggression to physical aggression after the verbal
aggression was only countered with a warning.

These examples illustrate that explicitly including the responses and effects in the
discovery phase is important for answering the question of how to possibly respond
to an action when a certain effect (e.g., de-escalating aggressive behavior) is desired.
Therefore, our objective is to discover a model that: (1) shows the action-response-
effect process, and (2) reveals the statistical patterns of which responses lead to a
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Figure 4.1: Directly-follows
graph Figure 4.2: Petri Net

desired or undesired outcome (effect). There are two main challenges associated
with accomplishing this:

1. Graphical representation: From a control-flow perspective, action-response re-
lations are a loop consisting of a choice between all actions and a subsequent
and-split that allows to execute or skip each response. Figure 4.2 b) illustrates
this by showing the Petri net representing the behavior from the log in Table 4.1.
Obviously, this representation does not allow understanding of which responses
lead to a desired or undesired effect.

2. Effective filtering mechanism: The possible number of responses calls for a fil-
tering mechanism that allows inferring meaningful insights from the model. In
the example above, we only have three event classes and three event response
classes (plus the “no response" class). This results in eight possible responses.
In the case of 5 response event classes, we already face 32 (=25 possible re-
sponses classes). Including all these response arcs in a model will likely lead to
an unreadable model that does not allow providing the desired insights.

In the next sections, we propose a novel technique, the ARE miner, that creates
graphical representations of statistical patterns in event logs that contain actions,
responses, and effects.

4.3 Preliminaries
As discussed, action-responses-effect patterns are observed in many processes and
can provide diagnostic information regarding the follow-up effects of responses. To
discover these patterns, we build on the well-established concept of event logs and
introduce the concept action-response-effect logs. In this section, we first formalize the
action-response-effect logs. We then discuss how the effects of events are defined.
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4.3.1 Action-Response-Effect Logs
Starting from the event logs, we follow the definition that an event log is a set of
sequences of events being recorded. Each sequence registers the execution of a case,
also called a trace, and each event of the sequence represents an activity executed
for the same case. Moreover, each event is associated with a set of attributes, which
provides information such as who executed this event, when is the event executed,
etc. To define action-responses-effect logs, we follow the concept of an event log
and associate each event with the action (e.g., activities occurred), its response, and
the effects by explicitly defining these attributes πl , πr, and πnext, respectively. We
formalize action-response-effect logs as follows.

Let E be the universe of event identifiers. Let C be the universe of case identifiers.
Let d1, ..., dn be the set of attribute names (e.g., timestamp, resource, location). Let A
be the set of actions and R a finite set of responses. An action-response-effect log L is
defined as L = (E, πc, πl , πr, πnext, πd1

, ..., πdn ,<), where
˛ E ⊆ E is the set of events,
˛ πc ∶ E → C is a surjective function linking events to cases,
˛ πl ∶ E → A is a surjective function linking events to actions,
˛ πr ∶ E → 2R is a surjective function linking events to a set of responses,
˛ πnext ∶ E → C is a surjective function linking events to the effects,
˛ πdi

∶ E → U is a surjective function linking the attribute di of each event to its
value,

˛ < ⊆ E × E is a strict total ordering over the events.
Given an action-response-effect log L according to Definition 4.3.1, we shall use the

shorthand notation σ = ⟨e1, . . . , en⟩ in the remainder of this chapter to refer to a trace
that consists of n events with an identical case identifier. Furthermore, for any pair of
events ei and ej with i < j, it holds that ei < ej according to the strict total ordering of
the events in log L.

The set of response events {re
1, . . . , re

n} of an event e is given by the function πr; we
write πr(e) = {re

1, . . . , re
n}. For each trace σ = ⟨e1, . . . , en⟩, the sequence of responses is

⟨πr(e1), . . . , πr(en)⟩. For example, in the action-response-effect log listed in Table 4.2,
for event e1: πc(e1) = 1 is the case of event e1, πl(e1) = “Verbal Aggression” (VA) is
the action of e1, and πr(e1) = {“Warning”} is the set of responses of e1.

4.3.2 Effects of Responses
As we discussed, we aim to investigate whether a certain response to an action has an
effect on the follow-up event. As such, we measure the effectiveness of a response to
an action by studying the effect. For this aim, we first define the effects of events by
using the function πnext and introduce parameter ε for elapsed time. For each trace
σ = ⟨e1, ..., en⟩, we define the effect for each ei, where 1 ≤ i < n as follows: if the elapsed
time to the next event ei+1 is less than ε, the effect πnext(ei) of ei is the action of ei+1,
else we say that the effect is a silent action τ. Formally, if πtime(ei+1) −πtime(ei) ≤ ε,
then πnext(ei) ∶= πl(ei+1), else πnext(ei) ∶= τ.

To test the hypothesis of whether an effect is independent of the response to an
action, the number of observed events is compared to the number of expected events
of different responses and effects. To calculate the number of observed events, we
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ID Timestamp Action Response Effect

1 12-05 09:53 VA Warning PO
1 13-05 13:35 PO Distract Client, Seclusion τ
1 26-05 09:32 VA Warning PP
1 26-05 11:02 PP Distract Client τ
2 21-06 14:51 VA Distract Client VA
1 23-06 21:23 VA Distract Client τ
2 24-06 17:02 VA - τ
3 29-07 11:22 VA Warning PO
3 31-07 08:13 PO Warning, Seclusion PP
3 31-07 10:48 PP Distract Client τ

Legend: VA = Verbal Aggression, PP = Physical Aggression
(People), PO = Physical Aggression (Objects)

Table 4.2: Excerpt of the event log action-response-effect

create a matrix (table) where each cell is filled with the number of observed events of
a response and an effect. Let a ∈ A be an action, R = {r1,⋯, rm} be a set of responses,
and C = {c1,⋯, cn} a set of effects. We define a ∣R ∣ × ∣C ∣ matrix, where each row
represents a response ri, each column represents an effect cj, and each cell counts the
number of observed events that have response ri and effect cj. We have

freqa,R,C =
⎛
⎜⎜⎜
⎝

f1,1 f1,2 ⋯ f1,n
f2,1 f2,2 ⋯ f2,n
⋮ ⋮ ⋱ ⋮

fm,1 fm,2 ⋯ fm,n

⎞
⎟⎟⎟
⎠

where

fi,j = freqL(a, ri, cj) = ∣{e ∈ L ∣ πl(e) = a ∧ ri ∈ πr(e)∧πnext(e) = cj}∣ (4.1)

For instance, given a log L as listed in Table 4.2, f reqL(“VA”, “Warning”, “PO”) =∣
{e1, e8}∣= 2. Considering Table 4.3 and omitting the column totals and row totals, it
exemplifies a matrix freqa,R,C. If the effects are independent of responses, then we
should observe that the distribution of effects of a response is similar to the total
distribution.

Each row ri presents the distribution of effects c1, ..., ck to the response ri. To test
whether each individual response ri has an influence on the effects, we define freqa,r,C
as a 2× ∣C∣ matrix:

freqa,r,C = ( f1,1 f1,2 ⋯ f1,n
f2,1 f2,2 ⋯ f2,n

) (4.2)

where f1,j = freqL(a, r, cj) and f2,j = ∣{e ∈ L ∣ πl(e) = a ∧ r ∉ πr(e)∧πnext(e) = cj}∣.
An example of freqa,r,C where r is “Terminate contact” is listed in Table 4.4. In the

following section, we describe that in our ARE miner first a chi-squared test is carried
out. This allows us to calculate the expected values and test the statistical dependency
between responses and effects. The chi-square test compares the observed frequen-
cies to the expected frequencies. If they differ significantly, then the null hypothesis
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Observed PO PP VA τ Total

Warning 250 400 200 50 900
Held with force 20 50 50 10 130
Seclusion 30 50 20 10 110
Terminate contact 100 100 90 10 300
Distract client 100 150 40 20 310
Total 500 750 400 100 1750

Expected PO PP VA τ Total

Warning 257.1 385.7 205.7 51.4 900
Held with force 37.1 55.7 29.7 7.4 130
Seclusion 31.4 47.1 25.1 6.3 110
Terminate contact 85.7 128.6 68.6 17.1 300
Distract client 88.6 132.9 70.9 17.7 310
Total 500 750 400 100 1750

Legend: VA = Verbal Aggression, PP = Physical Aggression (People), PO =
Physical Aggression (Objects)

Table 4.3: Excerpt of the tables used to perform high-level statistical tests; horizontal cate-
gories: effect, vertical categories: response

is rejected, which means we cannot rule out that there is a statistical dependency
relation between the response and the effect.

The complete event logs containing action-response-effect are used in the ARE
miner that is proposed in this chapter. The next section elaborates on this.

4.4 ARE Miner
Based on the formalization introduced in the previous section, we use this section to
propose the ARE miner as a novel discovery technique. The goal of the ARE miner
is to generate understandable process representations that provide the user with the
required insights into the execution of the process. First, we describe the required pre-

Observed PO PP VA τ Total

Terminate contact = 0 300 500 210 90 1100
Terminate contact = 1 100 100 90 10 300
Total 400 600 300 100 1400

Expected PO PP VA τ Total

Terminate contact = 0 314.3 471.4 235.7 78.6 1100
Terminate contact = 1 85.7 128.6 64.3 21.4 300
Total 400 600 300 100 1400

Legend: VA = Verbal Aggression, PP = Physical Aggression (People),
PO = Physical Aggression (Objects)

Table 4.4: Excerpt of the tables for an individual response used to perform statistical tests;
horizontal categories: effect
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Algorithm 2 Compute graph
Input: Event log L
Output: Graph G = (V,≺)
1: {STAGE 1: High-Level Statistics}
2: for a ∈ A do
3: Initiate matrix O[a]← freqa,R,C {see Equation 4.2, calculate the observed values}
4: Compute matrix E[a] {calculate the expected values by following the chi-square test, see (Cochran, 1952)}

5: Compute χ2
a =

(O[a]−E[a])2

E[a] {To test the dependence between responses R and effects A ∪ {τ}}

6: if χ2
a is significant then

7: {O[a] differs from E[a], thus responses R have a statistically significant influence on the effects C}
8: {STAGE 2: Detailed Statistics}
9: for response r ∈ R do
10: Compute matrix O[a]r , E[a]r , and χ2

a,r

11: if χ2
a,r is significant then

12: {STAGE 3: Influential Points}
13: Compute adjusted standardized residuals ASRc {see Section 4.4.4}
14: for effects c ∈ A ∪ {τ} do
15: if ASRc is significant then
16: {draw the arc from r to c}
17: V ← V ∪ {as}∪ {r}, ≺←≺ ∪{(as , r)}∪ {(r, c)}
18: end if
19: end for {effect}
20: else
21: {χ2

a,r is insignificant, i.e., r has no significant influence on C. We do not draw node r or any arc from r
to C}

22: end if
23: end for {response}
24: else
25: {Observed O[a] follows the expected values E[a], thus response R has no statistically significant influence on

the effects C; thus, no arcs are drawn}
26: end if
27: end for {action}
28: return G

processing steps. Then, we elaborate on the conceptual approach of the ARE miner,
which consists of three main stages: 1) computing high-level statistics, 2) computing
detailed statistics, and 3) identifying influential points.

4.4.1 Pre-processing the Event Log
We first pre-process the log to obtain the effects of responses. Since we are studying
the effects of a response to an action, the duration between a response and its effects
influences the likelihood of a statistical relationship between the two. Let us return
to our example: if there is an aggressive incident, there is a given response to this
incident. However, if the next incident takes place after a long time (e.g., a year)
it is unlikely that this new incident is still dependent on the response to the initial
action. Thus, we use the parameter epsilon (ε), see Section 4.3.2. ε represents the
maximum duration between two events in which the first event is still considered to
have an effect on the second event. We can define ε in two ways: (1) based on the
data or (2) based on the knowledge of a domain expert. If we base the ε on the data,
we define it as equaling the average duration of the events. To ensure that outliers
do not influence the average, depending on the distribution of the data, a number of
actions can be taken. For our specific example, the data is exponentially distributed.
To account for this, we select 80% of the data when sorted on duration and take the
mean of this subset of data. This results in an ε of 8.9 days. We round this up to full
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days (ε = 9) due to the granularity of our data. Other distributions in the data are
likely to occur as well. One common example is that the data is normally distributed.
In this case, we propose to define ε equaling the mean plus two standard deviations
to the right (longest duration). This ensures that a subset of the data closest to the
mean is captured.

We can also base the ε on the input of a domain expert. Consider the healthcare
organization in our qualitative evaluation, see Section 4.5.2. We consulted with a
behavioral expert in the organization. The domain expert from the organization de-
fined ε as equaling seven days. This is what the domain expert indicates is the likely
maximum duration between two events (aggressive incidents) where the response of
the first incident still has an effect on the behavior of the client in the second inci-
dent. Based on ε, we introduce state τ. It represents the state where no next incident
occurs within the defined duration of ε. In Table 4.2 we can see, for example, that
distracting the client seems to be related to τ.

Another step in the pre-processing phase is to check the statistical assumptions.
The Chi-square test, which we will elaborate on in the next sections, has a number
of assumptions (McHugh, 2013): 1) the data should be frequencies or counts, 2) the
categories of the variables are mutually exclusive, 3) each subject may only contribute
to one cell (no repeated measures), 4) both variables are measured as categories,
5) the sample size should be sufficiently large. The first four assumptions are data
requirements that need to be checked by the analyst that applies the ARE miner. The
fifth assumption can be automatically checked by the ARE miner itself.

With regard to the fifth assumption (i.e., sufficient sample size), we implement a
heuristic selection criterion: the value of the expected cells in each table should be 5
or greater in at least 80% of the cells (McHugh, 2013). If this criterion is not met,
the action-response or response-effects pair is excluded from the analysis and an NA
value is the output.

4.4.2 Stage 1: Computing High-Level Statistics
After pre-processing the event log, we investigate for each action the significant re-
lationship between the responses and the effects. In our example, the client shows a
certain type of aggressive behavior (the action). Given this, we are interested in how
the response of a caretaker to that incident has an impact on the follow-up incident
(effect). Hence, we will explain the ARE miner with a fixed initial action. The details
are formalized in Algorithm 2. In the following, we will explain how the specific steps
from Algorithm 2 are linked to the conceptual considerations.

In Table 4.3, we show an example of the observed and calculated expected frequen-
cies for the action of physical aggression against objects (lines 3 & 4 in Algorithm 2).
This allows us to perform a Chi-square test (Cochran, 1952) (line 5). Based on a con-
fidence level α (usually 95%), the calculated Chi-square (χ2) test value is compared
to the Chi-square distribution to see if there is at least one pair of response-effect sig-
nificantly different. If the Chi-square test value is insignificant, the action is excluded
from the graphical representation (line 21). If the Chi-square is significant (line 6),
this indicates that the effects may depend on the response. We then move to the
second stage, see Section 4.4.3.

We demonstrate this first stage of the ARE miner by applying it to a designed
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example based on our real-world data set presented in Table 4.3. Based on the
observed values, we can calculate the expected values in the table, for example,
the expected value for the first cell: response Terminate Contact and effects VA =

Nr×Nc
E[a][r][c] =

300×400
1750 = 68.6. We know from Table 4.3 that there are five response classes

and four effects classes, so the degrees of freedom: c = (5− 1)× (4− 1) = 12. Given all
this, we can calculate the Chi-square test value for the overall table:

χ2
c =

5
∑
i=1

(OWarning,PO − EWarning,PO)2

EWarning,PO
+ ....+

(ODistract client,τ − EDistract client,τ)2

EDistract client,τ

χ2
12 =

(250− 257.1)2

257.1
+ ...+ (10− 17.7)2

17.7
= 63.47

Now we need to determine if this value is significantly different from the mean of
the Chi-distribution (Fisher & Yates, 1938). The formula for calculating the p-value
is complex and will thus not be discussed in detail in this chapter. For more details,
we refer to (Fisher & Yates, 1938). In the above example, the p-value (< 0.001) shows
that our Chi-square value is significant. This indicates that for at least one pair of
response-effects given action PO there is a significant difference from the expected
frequency. Thus, we perform a Chi-square test for each individual response.

4.4.3 Stage 2: Computing Detailed Statistics
In the second stage of the ARE miner, we perform the Chi-square test again on each
response class to determine for which response we need to perform post-hoc statistical
tests (lines 8 - 10 in Algorithm 2). For this purpose, we create dummy variables. A
dummy variable is made for each individual response, which takes the value of 0 or
1. The new table we create is a 2 x 4 table where the rows represent the response
either taking a 0 or 1 value, see Table 4.4. Note that the degrees of freedom change
to three. The same formulas are used to calculate the individual response Chi-square
score and the corresponding p-value. A Bonferroni correction (Haynes, 2013) is made
to correct the critical value for the fact that on the same table multiple sets of analyses
are performed. The Chi-square test identifies for which responses there is at least one
effect that is significantly different from the expected frequency. If the Chi-square
value is significant, we create a node for the response and perform post-hoc tests to
identify the exact pairs of response-effects that are significant (line 11).

We will demonstrate this stage in an example case. We test five times (one for each
response). Thus, we apply the Bonferroni correction (Haynes, 2013) on a confidence
level of 95% (meaning α = 0.05): 0.05

5 = 0.01. If we take Table 4.4, we can use the same
formulas as presented in the previous section to calculate the expected values. Note
that we assume the independence of responses. Thus, if there are two responses, the
action is counted twice: once for response 1 and once for response 2. Therefore, the
observed frequencies in Table 4.3 are not necessarily equal to those in Table 4.4. If
we perform the Chi-square test for the response Terminate contact we get a Chi-square
score of 31.96 with a p-value < 0.001. Thus, for the response Terminate contact there
is at least one effect that is significantly different from the expected frequency. In the
next section, we describe how a post-hoc test will need to identify the exact pairs for
which this is true.
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4.4.4 Stage 3: Identifying Influential Points
In the last stage, the post-hoc tests are performed to test which exact pairs of response-
effects have a significant contribution to the Chi-square test value. To do so, the
adjusted standardized residuals (ASR) (Agresti, 2003) are calculated (line 13 in Al-
gorithm 2). They represent a normalization of the residuals (observed - expected
frequency). As the residuals can take either a positive or negative value we use two-
sided testing. In order to improve the interpretability, we transform the α level into
a critical value. We refer to (Fisher & Yates, 1938) for details on this approach.
If ∣ASR∣ > criticalscore the difference between observed and expected frequency is
significant. A significant score means that a specific pair of response-effects has a
significant impact on the overall test value. We refer to this as an influential point.

For each influential point, arcs are drawn in the graphical representation (lines 14-
17). If the score is insignificant, no arc is drawn for that pair of response-effects.
We first draw an arc from the action to the responses. Then, we draw an arc from
the response to the effect for which we found a significant relation. If the observed
frequency is larger than the expected frequency, i.e., the response leads to an increase
in the frequency of effects, we draw a thick arc. Correspondingly, if the observed fre-
quency is lower than the expected frequency we draw a thin arc. The total number of
graphical representations created equals the number of actions for which a significant
Chi-square score is found (line 25).

Now, we turn to the example from Table 4.4. From the previous section, we know
that the response Terminate contact results in a significant Chi-square score. To calcu-
late which points are influential points we calculate the adjusted standardized resid-
uals for each pair. To exemplify, we show the calculation of the ASR for the pair
Terminate contact = 1 and VA:

ASR = 90− 64.3√
64.3 ∗ (1− 64.3

300 ) ∗ (1− 64.3
300 )

= 4.08

Given our Bonferroni correction gave us an alpha of 0.01 (see the previous section),
we need to test on the 99 % confidence level. The critical absolute value for this is
2.57. Thus, if our ASR value is > ∣2.57∣, we mark it as an influential point and draw
an arc in the graphical representation. In the example of the pair Terminate contact =
1 and VA the ASR is larger than the critical score (4.08 > 2.57). Therefore, we draw
an arc in the graphical representation of this example.

To increase the readability of the graph, we use a variety of arcs. First, on the arc
from an action to a response, we indicate the observed frequency of the behavior.
This shows how often this specific action-response pattern is observed. Next, on the
arc from a response to an effect, we display the observed frequency and the expected
frequency in brackets. This shows whether or not the response leads to an increase
or decrease in the behavior type of the effects. To also display the strength of the
relation between the response and the effects in the graph, we adjust the thickness of
the arc based on the adjusted standardized residuals. Recall that this value needs to
be > ∣2.57∣ in order for an arc to be drawn. We introduce six classes of effect strength,
i.e. three positive classes and three negative classes. We choose to use a total of six
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classes to differentiate between the strength of the effect as this is a number that is
easily comprehensible, yet allows for sufficient distinctions between effect sizes.

We determine the classes by identifying the maximum and minimum ASR scores
for each action table. Subsequently, we create the range of ASR scores for each class
by dividing the scores between the maximum ASR score and 2.57 equally into three
classes. The same structure applies to the negative scores, but then we use the dif-
ference between the minimum ASR score and -2.57. As an example, assume the
maximum ASR value is 8.30, and the minimum ASR value is -4.37. The three positive
classes will be, from least thick to thickest; (1) [2.57:4.48], (2) [4.49:6.39], and (3)
[6.40:8.30]. In line, the three negative classes will be, from least thick to thickest:
(1) [-2.57:-3.17], (2) [-3.18:-3.77], and (3) [-3.78:-4.37].

After applying the last stage of the ARE miner to all actions, responses, and effects
on the aforementioned example, we obtain a total of three graphical representations
(one for each action). In the next section, we evaluate the ARE miner both on an
artificial as well as a real-world data set to demonstrate that it indeed can gener-
ate understandable process representations that provide the user with the required
insights into the process execution.

4.5 Evaluation
The goal of this section is to demonstrate the effectiveness of the ARE miner to dis-
cover models that allow obtaining meaningful insights into action-response-effect
patterns. To this end, we implemented the ARE miner in Python1 and conducted
a quantitative as well as a qualitative evaluation. In the quantitative evaluation (Sec-
tion 4.5.1), we use an artificial data set to systemically explore in a large range of
constellations how the representations produced by the ARE miner compare to tradi-
tional process-oriented representations. In the qualitative evaluation (Section 4.5.2),
we apply the ARE miner to a real-world action-response-effect log and investigate to
what extent the discovered models are meaningful from a domain perspective.

4.5.1 Quantitative Evaluation
This section discusses the quantitative evaluation of the ARE miner. Our goal is to
develop an understanding of how the representations produced by the ARE miner
compare to directly-follows graphs, i.e., traditional process-oriented representations,
in a variety of different settings. To this end, we generate an artificial data set that rep-
resents a broad spectrum of real-life scenarios. Using this set, we can systematically
explore under differing circumstances how key characteristics, such as the number of
arcs, develop. In Sections 4.5.1 and 4.5.1, we first elaborate on the artificial data set
generation and the setup. Then, in Section 4.5.1, we present the results.

Data Set Generation
To obtain artificial data representing a broad spectrum of possible real-life situations,
we generate a set different of frequency tables (see Table 4.3 for an example). The
main rationale behind this approach is that frequency tables summarize all relevant

1Source code and results: github.com/xxlu/ActionEffectDiscovery

https://github.com/xxlu/ActionEffectDiscovery
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characteristics from the log that we build on in the context of the ARE miner. Hence,
generating frequency tables instead of actual action-response-effect logs allows us to
precisely control these characteristics.

To illustrate the details of the frequency table generation, recall that a frequency
table captures the number of times a response r ∈ R leads to an effect e ∈ E, given an
action a ∈ A. For example, the first row from Table 4.3 describes how many times we
observe a particular effect (i.e., PO, PP, VA, or τ) for the response Warning. Taking
a look at the numbers, we see, for example, that the response Warning leads to PO
in 250 cases and to PP in 400 cases. Intuitively, these absolute numbers can also
be converted into probabilities. Given the total of 900 observations for the response
Warning, we can determine that the probability of a warning leading to PO is approx-
imately 0.28 (250/900). If we determine the probabilities for the other effects as well,
we obtain the probability vector (0.28, 0.44, 0.22, 0.06). In statistical terms, this
probability vector represents the probability mass function (PMF) of the underlying
discrete distribution that we observe in the first row of Table 4.3. Since such a proba-
bility vector can be computed for every row, the frequency table can be described by
using m probability vectors (v1, . . . , vm), where m is equal to the number of rows and,
therefore, also to the number of responses.

To generate an artificial data set, we build on these probability vectors represent-
ing PMFs. The advantage of doing so is that they allow us to systemically capture
a large range of possible real-life constellations. Intuitively, there are two extreme
scenarios for an action-response-effect pattern. The first is if a considered response
is only leading to a single effect as, for instance, described by the probability vector
(1.0, 0.0, 0.0, 0.0). The second is if the likelihood for all effects is the same, as, for in-
stance, described by the probability vector (0.25, 0.25, 0.25, 0.25). Besides these two
extremes, there is an infinite number of alternative probability vectors for a given a
number of n effects. Therefore, we introduce the parameter δ. By requiring that each
probability pi that is part of a probability vector v = (pi, . . . , pn) is a multiple of δ, we
guarantee that the number of possible probability vectors is finite. Keep in mind that
∑n

i=1 pi = 1 because we are dealing with vectors representing PMFs. Based on these
considerations, we compute the set V of all possible probability vectors for a given
number of effects n and the parameter δ. Given a number of m responses, the total
set of possible frequency tables F is then given by the n-ary Cartesian power of V, i.e.,
F = Vm = {(v1, . . . , vm) ∣ vi ∈ V f or every i ∈ {1, . . . , m}}. We use f = (v1, . . . , vm) to
refer to an individual constellation from F.

To characterize the potentially large number of possible frequency table constella-
tions, we introduce the complexity indicator average standard deviation (ASD). The
ASD is the arithmetic mean of the standard deviations of the individual columns of
a frequency table f ∈ F. As such, it quantifies to what extent the probabilities of dif-
ferent responses leading to the same effect differ from each other. The closer ASD
is to zero, the smaller the differences across the responses. The closer ASD is to the
maximum possible average standard deviation for f , the higher the differences across
the responses. Note that this maximum value for ASD depends on the number of
responses. If, for instance, m = 4, then the maximum ASD is 0.5. Figure 4.5 shows
three possible frequency tables and their ASDs resulting from a generation run with
n=4, m = 4, and δ = 0.05. The left and the right tables show two extremes with
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Effect

n1 n2 n3 n4

R
es

po
n

se

m1 0.25 0.25 0.25 0.25

m2 0.25 0.25 0.25 0.25

m3 0.25 0.25 0.25 0.25

m4 0.25 0.25 0.25 0.25

0.00 0.00 0.00 0.00

ASD = 0.00

Effect

n1 n2 n3 n4

m1 0.80 0.00 0.00 0.20

m2 0.25 0.25 0.25 0.25

m3 0.00 0.00 1.00 0.00

m4 0.30 0.10 0.30 0.30

0.34 0.12 0.43 0.13

ASD = 0.25

Effect

n1 n2 n3 n4

m1 1.00 0.00 0.00 0.00

m2 0.00 1.00 0.00 0.00

m3 0.00 0.00 1.00 0.00

m4 0.00 0.00 0.00 1.00

0.50 0.50 0.50 0.50

ASD = 0.50

Table 4.5: Three possible frequency tables with n=4, m = 4, and δ = 0.05

the ASD being 0.00 and 0.50. The example in the center shows a rather mixed case.
These three examples highlight the broad spectrum of frequency table constellations
that may arise in practice and we, therefore, need to systematically consider them.

Based on the approach introduced above, we generated an artificial data set with
m = 4, n = 3, δ = 0.2. Note that higher values for parameters m and n as well as
a smaller value for δ mainly affect the granularity of the results but not the results
themselves. Therefore, we selected parameters that balance granularity and compu-
tational effort. In total, this choice of parameters results in a set F containing 175.616
different frequency tables. We will refer to these as constellations. To make sure that
the generated constellations also include patterns with a low frequency (i.e., smaller
than δ), we randomly add and subtract values of 0.01 up to 5 times per row in each
f . Figure 4.3 visualizes the distribution of the resulting constellations with respect
to the ASD. We can see that it represents a discrete representation of the Bell curve
where constellations with an ASD of between 0.20 and 0.25 are most likely.

Figure 4.3: Distribution of constellations with respect to the ASD
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Setup
In our evaluation experiments, we compare three different techniques:

˛ ARE miner: We implemented the ARE miner in Python2 as described in Section
4.4. Our implementation also automatically performs all assumption checks.
Note our implementation may return a graph without any edges in case no
significant edges could be identified.

˛ Naive DFG: As a first baseline, we use a naive directly-follows graph imple-
mentation. This configuration returns an arc for every observed response-effect
pattern, i.e., for every value in f ∈ F that is above 0.

˛ Filtered DFG: As a second baseline, we use a filtered directly-follows graph im-
plementation. This configuration returns an arc for an observed response-effect
pattern if the relative frequency of that pattern with respect to the most fre-
quent pattern from the considered constellation f ∈ F is above the threshold τ.
For the purpose of our experiments, we set τ = 0.8. This means that if in a
constellation f the most frequent pattern occurs with a probability of 0.5, then
every pattern with a probability of less than 0.1 will be removed.

For each of the configurations above, we compute which arcs they generate for each
f ∈ F. To quantify the results, we determine 1) the number of arcs generated for each
f , and 2) the fraction of significant arcs generated for each f . The first performance
measure allows us to understand to what extent the total number of arcs produced by
the ARE miner compare to the two baselines. On the one hand, we expect to reduce
the overall complexity and, therefore, generate fewer arcs. On the other hand, we
want to demonstrate the applicability of the ARE miner, which means that we want
to demonstrate that the ARE miner does not generate zero arcs or a single arc in the
majority of constellations. The second performance measure helps us to understand
how many of the significant arcs generated by the ARE miner is also covered by the
two baselines.

Results
Below, we present the results from the quantitative evaluation. We first analyze the
number of arcs generated by each technique. Then, we take a detailed look at the
fraction of significant arcs.
Number of arcs. The results of our evaluation experiments with respect to the num-
ber of arcs are visualized in the bubble charts in Figure 4.4. The charts show how
often a certain number of arcs (y-axis) were generated for a set of constellations from
F with a particular ASD (x-axis). A first glance reveals that the representations pro-
duced by the ARE miner differ considerably from the respective DFGs. Most notably,
on average, the number of arcs generated by the ARE miner is much lower than the
number of arcs generated by the naive DFG-based approach. As for the number of
arcs, the ARE miner seems to produce, on average, around the same number of arcs
as the filtered DFG-based approach. Considering the ASD values, we see that the
naive DFG-based approach produces a roughly equal number of arcs over the range
of ASD values. If we take a closer look at the ARE miner, we see that it draws fewer
arcs when the ASD is low and more when the ASD is high. We follow up on this
observation below. Comparing this to the filtered DFG-based approach, we see that

2The code is publicly available for reproducibility: github.com/xxlu/ActionEffectDiscovery.

github.com/xxlu/ActionEffectDiscovery
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(a) ARE miner (b) Naive DFG (c) Filtered DFG

Figure 4.4: Overview of number of generated arcs for each f ∈ F

the DFG-based approach seems to do the opposite. It generates more arcs when the
ASD is low and fewer when it is high.

Table 4.6 provides a detailed view on the results. It shows that the average number
of arcs produced by the ARE miner in comparison to the naive DFG-based approach
is about 4.10 lower (6.83 versus 10.93) and about 0.44 lower than the filtered DFG-
based approach (6.83 versus 7.27). Note, however, that this number must be consid-
ered in the context of the chosen n and m. Since the maximum number of possible
arcs is 12, filtering an average of 4 arcs has a notable effect on the resulting represen-
tations. If we take a closer look at the numbers, we can see that, as the ASD increases,
the ARE miner draws more arcs and the filtered DFG-based approach draws less. The
lower the ASD, the more arcs they contain. This suggests that, while the average
number of arcs is almost equal, the filtered DFG-based representations may contain
arcs that the ARE miner decided to suppress and tends to miss those the ARE miner
decided to draw. This is caused by the fact that the notion of statistical significance is
a relative consideration and not based on absolute numbers. Realizing this, the next
section looks in more detail into which arcs each technique includes in the respective
representations.
Fraction of significant arcs. To understand how the considered configurations dif-
fer on a semantic level, it is helpful to analyze which arcs the generated represen-
tations have in common. Building on the premise that statistically significant arcs
provide the insights we are looking for from a semantic point of view, we are there-
fore interested in the fraction of significant arcs produced by the filtered DFG-based
approach. Note that a comparison with the naive DFG-based approach is obsolete
since the naive DFG-based approach will contain all possible and, therefore, also all
significant arcs. Figure 4.5 visualizes the number of shared and non-shared arcs for
both the filtered DFG-based approach and the ARE miner. More specifically, it shows
how many arcs, on average, are produced for the different constellations.

For low values of ASD, we can see that both the number of arcs generated by the
ARE miner and the number of shared arcs are very low. However, the number of
arcs produced by the filtered DFG-based approach is quite high for low ASD values.
Even in the lowest bin, from 0 to 0.05, the filtered DFG-based approach generates an
average of 7.1 arcs. With an increasing ASD also the number of shared arcs increases.
In general, this is in line with our expectations. The closer we get to an ASD of 0,
the more equal the distribution of the data is. Hence, the ARE miner will identify
only a few significant arcs, if any. The closer we get to the maximum ASD, the more
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Number of arcs

ASD 0 1 2 3 4 5 6 7 8 9 10 11 12 Total Avg.

A
R

E
m
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er

w
it

h
n

oi
se

0.00-0.05 58 20 36 6 2 0 0 0 0 0 0 0 0 122 0.97

0.05-0.10 177 417 1129 588 642 179 23 1 0 0 0 0 0 3156 2.55

0.10-0.15 126 45 459 2145 4829 4680 4577 1194 306 34 1 0 0 18396 4.82

0.15-0.20 180 0 67 730 3439 8491 12335 11101 5460 1609 262 18 0 43692 6.21

0.20-0.25 138 0 13 203 1415 5075 11257 15767 13553 6697 2241 318 59 56736 7.14

0.25-0.30 84 0 8 34 319 1433 4458 8997 10969 7778 3132 688 80 37980 7.79

0.30-0.35 18 0 0 0 11 137 733 2250 4010 3883 1951 440 43 13476 8.37

0.35-0.40 0 0 0 0 0 10 44 197 516 644 406 73 0 1890 8.72

0.40-0.45 0 0 0 0 0 0 6 16 41 65 40 0 0 168 8.70

Total 781 482 1712 3706 10657 20005 33433 39523 34855 20710 8033 1537 182 175616 6.83

D
FG

w
it

h
n

oi
se

10
0%

0.00-0.05 0 0 0 0 0 0 1 0 0 18 18 18 67 122 11.07

0.05-0.10 0 0 0 0 0 0 0 0 18 108 558 852 1620 3156 11.25

0.10-0.15 0 0 0 0 0 0 0 15 57 612 2724 6588 8400 18396 11.23

0.15-0.20 0 0 0 0 0 0 0 21 156 1536 6927 17412 17640 43692 11.16

0.20-0.25 0 0 0 0 0 0 0 9 288 2454 11631 26340 16014 56736 10.97

0.25-0.30 0 0 0 0 0 0 0 9 342 3084 11859 16842 5844 37980 10.65

0.30-0.35 0 0 0 0 0 0 0 0 174 1494 5340 5418 1050 13476 10.42

0.35-0.40 0 0 0 0 0 0 0 0 42 432 942 456 18 1890 9.99

0.40-0.45 0 0 0 0 0 0 0 0 6 90 72 0 0 168 9.39

Total 0 0 0 0 0 0 1 54 1083 9828 40071 73926 50653 175616 10.93

D
FG

w
it

h
n

oi
se

80
%

0.00-0.05 0 0 0 10 0 0 54 9 9 30 3 3 4 122 7.13

0.05-0.10 0 0 0 96 99 15 252 603 735 546 522 228 60 3156 8.15

0.10-0.15 0 0 0 24 360 354 792 2865 4791 4938 3357 915 0 18396 8.40

0.15-0.20 0 0 0 0 534 1245 2181 7440 12855 15255 4176 6 0 43692 8.14

0.20-0.25 0 0 0 306 1404 2766 5877 15018 24468 6891 6 0 0 56736 7.38

0.25-0.30 0 0 0 804 3057 5532 7884 14937 5766 0 0 0 0 37980 6.33

0.30-0.35 0 0 0 354 2946 3498 4158 2520 0 0 0 0 0 13476 5.41

0.35-0.40 0 0 0 372 870 510 138 0 0 0 0 0 0 1890 4.22

0.40-0.45 0 0 0 78 90 0 0 0 0 0 0 0 0 168 3.54

Total 0 0 0 2044 9360 13920 21336 43392 48624 27660 8064 1152 64 175616 7.27

Table 4.6: Number of arcs generated by each technique

we face a random distribution. In such a setting, the ARE miner is more likely to
identify significant arcs and, therefore, generates an increasing number of arcs. Since
the number of arcs produced by the filtered DFG-based approach is relatively stable,
the number of shared arcs also increases when we move to the high end of the ASD
value.

From a semantic perspective, Figure 4.5 highlights the importance of building on
the statistical notion we use in the ARE miner. The filtered DFG-based approach
generates a relatively stable number of arcs across all constellations although the
number of statistically significant and, therefore, meaningful arcs differs considerably.
Constellations with a very low ASD simply do not provide evidence that there are
many meaningful patterns to detect. This, however, cannot be captured by filtering
arcs based on frequency. It requires the statistical perspective exploited by the ARE
miner.

In summary, the quantitative evaluation illustrates that the ARE miner performs
well in a broad range of possible situations. We showed that 1) the ARE miner leads to
a notable reduction in the number of arcs compared to the naive DFG-based approach,
and 2) the ARE miner produces a different, and more meaningful, set of arcs than the
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Figure 4.5: Average number of arcs drawn by the ARE miner and the filtered DFG-based ap-
proach, plus the number of shared arcs that are drawn when comparing the two techniques

filtered DFG-based approach. This highlights the value of building on the notion of
statistical significance in this setting. Next, it is interesting to apply the ARE miner
to a case study to investigate if the graphs produced by the ARE miner can provide
relevant and meaningful domain-specific insights.

4.5.2 Qualitative Evaluation
This section discusses the qualitative evaluation for the ARE miner. Our goal is to
demonstrate the effectiveness of the ARE miner to discover models that allow obtain-
ing meaningful insights into action-response-effect patterns.

Data set
To evaluate the ARE miner, we use a real-world data set related to the care process of a
Dutch residential care facility. The event log contains 21,384 recordings of aggressive
incidents from 1,115 clients. The process captured in this log concerns the aggressive
behavior of clients in their facilities and the way client caretakers respond to these
incidents. The log consists of aggressive incidents of clients that belong to one of four
different action classes. Each of these actions is followed by a number of measures
from the caretakers as responses to the action. Each response belongs to one of
nine different response classes. In line with the description of the ARE miner, we
transformed this log into an action-response-effect log by defining the next aggressive
incident of a client as an effect, given it occurred within an ε of 9 days as indicated
based on the data. Otherwise, the effect is determined with τ. As a result, we obtain
a total of five different effect classes. Table 4.7 summarizes the characteristics of our
data set.
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Actions

Physical aggression towards people 11,381
Physical aggression towards objects 1,446
Verbal aggression 5,778
Self-injury 2,779
Total 21,384

Responses

Talk to client 9,279
Held with force 3,624
Leave room 3,638
Distract client 2,561
Send away 3,169
Seclusion 1,156
Other measures 209
None 783
Ignore client 70
Total 24,489

Effects

Physical aggression towards people 5,897
Physical aggression towards objects 686
Verbal aggression 2,369
Self-injury 1,429
No next incident (τ) 9,888
Total 20,269

Clients

Minimum number of actions per client 1
Maximum number of actions per client 449
Average number of actions per client 19.2
Total 1,115

Table 4.7: Overview of the characteristics of the real-world data set

Results
Below we present the results from the qualitative evaluation. We focus on three
particular aspects: 1) the interpretation of the resulting graphs, 2) the insights we can
obtain from these graphs, and 3) how the graphs compare to directly-follows graphs.
Interpretation. After applying the ARE miner to the data set, we obtain four graphs,
one for each action class. In Figure 4.6 we show the resulting graphs for each action.
Each arc in these graphs denotes an influential point representing a response-effect
interaction. Recall that the number of observed instances for influential points is
significantly higher (solid arc) or lower (dotted arc) than the statistically expected
number of instances. In addition, the thickness of the arc visualizes the size of the
effect, i.e., the thicker the arc, the stronger the effect. As illustrated by the graphs,
the resulting number of arcs is, despite the complexity of the log, quite low since only
a few arcs represent statistically significant interactions. This allows us to study the
impact of each response to an action in detail.

To illustrate this, consider Figure 4.6a, where the initial action is Physical aggres-
sion against objects (po_s). Among others, this graph reveals that Terminate contact
has been observed 299 times in our data set as a response to Physical aggression
against objects. We can further see that in 48 instances, this response has led to the



70 ∣ Chapter 4 – The ARE miner

effect Verbal aggression. In brackets, we can see that the expected value based on
statistics for this arc is 32 instances. Thus, there are significantly more instances of
Verbal aggression after a Terminate contact response than statistically expected, which
is visualized using a solid arc. If we consider the response Seclusion, we can see that
we observe an opposite effect for Tau (τ). Here, the observed number of instances
(27) is significantly lower than the expected number of instances (45). Therefore, the
interaction is visualized using a dotted arc. What both cases have in common is that
they represent statistically significant interactions, which increase our understanding
of what likely or unlikely effects a particular response will trigger.
Insights. There are a number of relevant insights we can obtain from the graphical
representations in Figure 4.6. For instance, Figure 4.6a reveals that Seclusion is not
a good response to the action Physical aggression against objects since it results in a
significantly higher number of instances of Physical aggression against people (PP). The
frequencies show that the response Seclusion is almost 1.7 times as likely to result in
effect Physical aggression against people than statistically expected. At the same time,
the response Seclusion leads to a significantly lower likelihood of having no further
aggression incident, as indicated by Tau. This highlights even further that Seclusion
as a response to Physical aggression against objects is not a preferable choice.

In a similar fashion, we can interpret the resulting graphs for the other three ac-
tions. However, particularly Figure 4.6c and Figure 4.6d highlight that also focusing
on statistically significant interactions may result in relatively complex representa-
tions. From an insight perspective, we can make three main observations: 1) de-
pending on the action, the same response may lead to different outcomes, 2) some
response-effect pairs are only significant for some actions, and 3) some response-
effect pairs are significant across all actions.

The first observation is best illustrated by the response No measures. We can see
that the response No measures leads to very different outcomes in Figure 4.6b and
Figure 4.6c. If No measures is used as a response to the action Verbal aggression
(Figure 4.6b), we observe fewer instances of Tau than statistically expected. In other
words, it leads to an escalation of aggression since it is less likely that no next incident
occurs. By contrast, if No measures is used as a response to the action Self-injurious be-
havior (Figure 4.6c), it leads to a significantly higher number of instances of Tau than
statistically expected. What is more, it leads to significantly fewer instances of Physi-
cal aggression towards people than statistically expected. Both these outcomes can be
considered as a de-escalation of aggressive behavior which are valuable insights for
the management of this behavior.

For the sake of illustrating the second observation, consider the response Talk to
client, which only occurs as part of a significant interaction in the context of the
action Self-injurious behavior (Figure 4.6c). Here, we see that it leads to an escalation
of violence, i.e., to significantly more Physical aggression towards people.

An example of the third observation is the response Seclusion, which has a similar
effect across all four actions. We see that it leads to significantly more Physical ag-
gression towards people and significantly less to Tau. This means that we see more of
the most severe form of aggressive behavior and, at the same time, a lower likelihood
of no next aggressive incident. Thus, we can globally speak of an escalation of the
violence as a result of this response. Notice that for Self-injurious behavior there is no
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(a) Physical aggression towards objects (b) Verbal aggression

(c) Self-injurious behavior

(d) Physical aggression towards people

Figure 4.6: Graphical representation of applying the ARE miner on the action-response-effect
log for three initial actions

effect. This is logical considering that this response is used to restrain a client from
being violent. As such, this response is rarely used in a setting where the victim is the
client him/herself.
Comparison to directly-follows graph. Figure 4.7 shows the directly-follows
graphs obtained for the actions Physical aggression towards objects and Physical aggres-
sion towards people using the process mining tool Disco3. For the sake of readability,
the filtering settings are set to 5% and 1% respectively, i.e., only the 5% and 1% most
frequent action-response-effect patterns are included. A brief analysis of the graph
reveals that it does not allow us to obtain the same insights as the miner proposed in
this chapter. Most notably, the process model contains a large number of arcs. Given
that our data set contains four action classes, nine response classes, and five effect
classes, the directly-follows graph can potentially contain 81 (9 ∗ 4 + 9 ∗ 5) arcs. Al-
ready a single instance of a particular response-effect pattern for a considered action
will result in an additional arc. The number of arcs increases exponentially with the
number of responses observed. A possible solution to this could be to add information

3Disco Tool Website: https://fluxicon.com/disco/.

https://fluxicon.com/disco/
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(a) Physical aggression towards objects (b) Physical aggression towards people

Figure 4.7: Directly-follows process model of the real-world event log for the initial action
physical aggression against objects (PO) and physical aggression towards people (PP). This
shows the process filtered on 5% of the possible activities and paths for the initial action PO
and 1% of the possible activities and paths for the initial action PP. The models were created
using Disco

to the control-flow-based representation, such as the observed frequencies of the arcs
or nodes.

However, filtering based on the frequencies does not always deliver the desired
result. This is also illustrated in Figure 4.7. It shows that filtering could even be mis-
leading since the data set is imbalanced. In this real-world scenario, a high frequency
does not imply a significant pattern. This becomes obvious if we compare the tech-
niques. From the figures, we can see that none of the significant response-effect pairs
from Figure 4.6a are displayed in Figure 4.7a. In addition, for the most complex ac-
tion, only one pattern (PP - Distract client - tau/τ) of response-effect can be observed
in Figure 4.7b.

In order to understand the relations in the representation, we have to account for
the relative frequencies. These reveal the meaningful insights that are hidden in the
representation of a discovery technique such as the directly-follows approach. Hence,
even after applying filtering mechanisms, Figure 4.7 does not provide the necessary
insights. For example, even though we can observe a pattern for the action Physical
aggression towards people (PP) in both our graph and the directly-follows graph, we
cannot determine the meaning of the arc in the latter. We cannot assess whether the
frequency that is displayed on the arc (22) is a statistically relevant effect. Hence,
the directly-follows graph does not provide the insights that are required to answer a
question such as: If a client displays aggressive behavior of class X, which response
is likely to lead to a (de-)escalation or future aggression? If we consider the same
pattern again for the action PP, we can see in our graphical representation that we
show that the response Distract client leads to significantly fewer instances of Tau.
This means that this particular response to the considered action seems to escalate
violence, after all the chance of no next incident occurring is lower than we would
expect based on statistics.

The qualitative evaluation in this section using a real-world data set strongly sug-
gests that the representations generated by the ARE miner allow obtaining relevant
domain-specific insights that can be directly translated into practical guidance.
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4.6 Discussion
In this section, we discuss the implications as well as the limitations of the work
presented in this chapter.
Implications. The key question identified at the start of this research addressed the
desire to express insights into how a response to an action can lead to a desired or
undesired outcome (effect). In our problem statement, we identified two main chal-
lenges associated with this that need to be overcome: (1) graphical representation,
and (2) effective filtering mechanism. Our evaluation uses an artificial log covering
a broad range of scenarios that highlight how the proposed ARE miner addresses
both these challenges. In addition, we evaluate the ARE miner a real-world data set
from the healthcare domain. Figure 4.6 shows that the ARE miner creates a simple
graphical representation that allows for insights into statistical relations that cannot
be obtained using Figure 4.7. In addition, we show that the use of statistics sub-
stantially reduces the number of arcs in comparison to a naive DFG-based approach.
The filtering mechanism is also effective in the sense that it filters those arcs that are
meaningful, as opposed to those that are merely frequent.

One interesting implication of the ARE miner-generated insights can be used to
support decision-making processes. In our example, Figure 4.6 can be used to train
existing and new staff members to ensure that appropriate responses are taken. For
example, one could show that responding with Seclusion will likely escalate future vi-
olent behavior of the client. Placing the ARE miner in a broader medical context, the
ARE miner could help make informed decisions when different treatment options are
considered. In a different domain, the ARE miner could help a marketing organiza-
tion understand the effectiveness of marketing strategies in terms of the response to
potential customers. In short, the ARE miner provides insights into action-response-
effect patterns where the objective of analyzing the process is to understand possible
underlying statistical dependency patterns.
Limitations. The work presented in this chapter is subject to a number of limita-
tions, which relate to the ARE miner itself as well as the experimental evaluation.

As for the ARE miner, there are three main limitations. First, we assume the inde-
pendence of the responses. This means that each response has a unique impact on the
effect and there is no interaction effect when responses are combined. For example, if
response r1 is observed to lead to effect c1 and response r2 is observed to lead to effect
c2, then only these independent patterns will be included even if the combination of
r1 and r2 actually leads to c3. Adjusting for this, would require a new formalization
and introduce considerable additional complexity since the set of responses would be
no longer R, but R × R. Second, our formalization defines an effect as the next occur-
rence of an action after the response. In certain scenarios, it could be very interesting
to consider generalizing this formalization by allowing the effect to be any type of
event or activity. However, with such a generalization we can no longer compare the
ARE miner with a directly-follows graph. As such, such a fundamental adjustment
requires an entirely different means of comparison, which is left for future research.
Third, we need to consider the data requirements of the ARE miner. The scenario in
which the ARE miner is mostly applicable is when there is a choice to be made in the
process. Hence, a form of categorical data needs to be available. In addition, the ARE



74 ∣ Chapter 4 – The ARE miner

miner does not allow for continuous variables to be included. However, continuous
variables can often be transformed into categorical variables.

The main limitation that needs to be considered for the experimental evaluation
concerns the parameter settings for the artificial data. There are a variety of parame-
ter settings that could be further explored. For example, changing the value of δ in the
PMF generation phase from 0.2 to 0.1 would generate more precise insights into the
mechanisms underlying the techniques. In addition, varying the number of responses
and effects may lead to further interesting insights. There are two main reasons why
we did not address these limitations in this research. First, the adaptation of these
parameters cannot be expected to provide fundamentally different insights since they
will mainly affect the granularity and size of the data. Second, the experiments for
the presented setting already required substantial computing power. Therefore, we
decided to stick to the chosen setting.

A limitation that is more of secondary nature is the variety of ways in which the
frequency filter for the DFG-based approach can be implemented. Most filters aim to
capture one of two key elements of the DFG-based approach: time or activities/paths.
The ARE miner focuses on the filtering of activities (nodes) and paths (edges). Time,
in the ARE miner, is represented via the definition of ε and thus represents a constant.
Therefore, filtering based on the frequency of paths provides results that are best
suitable for comparison.

4.7 Related Work
Over the last two decades, a plethora of process discovery techniques has been pro-
posed (Augusto et al., 2018). The majority of these approaches generate procedu-
ral models such as Petri nets (Song et al., 2015; Verbeek et al., 2017), causal nets
(Nguyen et al., 2017; Yahya et al., 2016), BPMN models (Augusto et al., 2017;
Broucke & De Weerdt, 2017) or process trees (Buijs et al., 2012; Leemans et al.,
2013). Some techniques also discover declarative models (Bernardi et al., 2014;
Schönig et al., 2016) or hybrid models (i.e. a combination of procedural and declar-
ative models) (De Smedt et al., 2015; Maggi et al., 2014). What all these tech-
niques have in common is that they aim to discover the control flow of a business
process, that is, the execution constraints among the process’ activities. The ARE
miner clearly differs from these traditional process discovery techniques by focusing
on action-response-effect patterns instead of the general control flow.

There are, however, also alternative approaches to process discovery. We distin-
guish two prominent classes of techniques: artifact-centric process discovery and
causal mechanism discovery. Several authors addressed the problem of artifact-
centric process discovery (Lu et al., 2015; Nooijen et al., 2012; Popova et al., 2015).
The core idea of artifact-centric process discovery is to consider a process as a set of
interacting artifacts that evolve throughout process execution. The goal of artifact-
centric discovery, therefore, is to discover the lifecycles associated with these artifacts
and the respective interactions among them. While artifact-centric discovery tech-
niques move away from solely considering the control-flow of the process activities,
the main goal is still control-flow oriented. A related technique to process discov-
ery was proposed in (Eck et al., 2016; Eck et al., 2017). This technique focuses on



Section 4.7 – Related Work ∣ 75

the different perspectives of a process and discovers and captures how their relations
change using composite state machines. While the techniques from (Eck et al., 2016;
Eck et al., 2017) are potentially useful in many scenarios we address with the ARE
miner, the insights that can be obtained with the ARE miner differ substantially. The
techniques from (Eck et al., 2016; Eck et al., 2017) allow us to understand how dif-
ferent artifact life cycle states are related. For example, it reveals that a patient in the
state “Healthy" does no longer require a “Lab test". The goal of the ARE miner is to
show what actually needs to be done (or should not be done) to make sure a patient
ends up in the state “Healthy".

The second, prominent set of discovery techniques studies the phenomenon of
causality in process mining (Bozorgi et al., 2020; Brunk et al., 2020). In (Bozorgi
et al., 2020), the authors investigate how treatment can have a (high) causal out-
come for certain subgroups of cases. In their work, they propose an action-rule-based
technique in which uplift trees are used to determine the subgroups for which the
causal relations are relevant. In (Brunk et al., 2020), the authors rather look at the
context in which the process takes place and run a Dynamic Bayesian Network model
to determine causal relations. When we compare the ARE miner to previous work,
we see that there are three main differences: (1) the definition of subgroups, (2)
the transparency of the technique, and (3) the comprehensibility of the output. We
discuss each of these differences in detail below.

First, the techniques differ in the way subgroups are defined. One strand of lit-
erature, the rule-based approaches, and related works, allow for the discovery of
subgroups based on data. The main advantage of data discovery is that new sub-
groups can be discovered. By contrast, other techniques take subgroups that are
defined by the user as input. The main advantage of the user-defined subgroups is
that the subgroups intuitively make sense to the user of the approach. Therefore, the
results of this user-defined approach provide results that are inherently meaningful
and actionable to the user.

Second, the transparency of these techniques differs greatly. Previous research has
shown that this plays a crucial role in the acceptance of and trust in new techniques.
In (Shortliffe, 2012), the authors showed the crucial importance of understanding
how a prediction is made for people in the medical domain in order to come to a de-
cision about a patient’s treatment. In (Martens et al., 2016), the authors expand on
this by showing the same holds for other business domains. The main advantage that
machine learning-based techniques have is that they are very powerful and can result
in highly accurate results. However, the transparency of the process of obtaining the
results is a known dilemma in machine learning techniques (Adadi & Berrada, 2018).
As a result, the movement of explainable artificial intelligence prescribes that retro-
spectively additional models can be built to gain insights into this process. According
to (Du et al., 2019), we can distinguish two counteractions to this: explainable by
design or explainable post-hoc. The latter is used in the works of both (Bozorgi et al.,
2020) (uplift trees) and (Brunk et al., 2020) (sensitivity analysis). Using a statistical
approach, as we do in this chapter, the transparency of the technique is provided by
design. All outcomes of the technique are traceable and can be recalculated manually.
The main advantage of this is that the ARE miner is intrinsically transparent and thus
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ensures insights into why and where questions, e.g., why do certain (causal) relations
hold and where do these relations originate?

Lastly, the output of the approaches differs substantially. For rule-based approaches,
the output is declarative in the sense that a set of textual rules are defined to which
a case should hold in order to optimize the effect. In addition, in (Brunk et al.,
2020), the authors provide the user with probabilistic parameters as output variables.
The ARE miner also produces probabilistic parameters, but not as output. The ARE
miner builds on the parameters by introducing an extra translation of the results into
graphical representations with effect size indications. In this way, we provide the user
with an understandable and actionable representation.

To the best of our knowledge, we are the first to propose a technique, the ARE
miner, that discovers action-response-effect patterns and allows the reader to develop
an understanding of why certain events occur. The ARE miner creates this under-
standing by having user-defined subgroups, which are used in a transparent technique
to produce probabilistic visual output that is intuitive for the user.

4.8 Conclusion
This chapter presents the ARE miner to discover action-response-effect patterns
within work processes. We identify two main challenges that we address in this re-
search: (1) comprehensible graphical representation, and (2) effective filtering mech-
anism. In order to address these challenges, we propose the ARE miner that builds
on filtering influential relations using statistical tests. We evaluate the ARE miner in
two ways. First, we use an artificial data set to compare the performance of the ARE
miner to traditional process-oriented representations. The results show that the ARE
miner leads to both: (1) a reduction in the number of arcs drawn, and (2) a set of arcs
that is different and more meaningful compared to the DFG-based approaches. Sec-
ond, we evaluate the ARE miner on a real-world data set from the healthcare domain.
More specifically, we use the ARE miner to study aggressive behavior and show that
we can gain valuable and novel insights from the representations discovered by the
ARE miner. The representations show that the ARE miner tackles both challenges by
providing an easy-to-interpret representation that only displays meaningful relations
such that it highlights informative insights.

In future work, we plan to undertake a number of steps to extend this work. In
line with the limitations we presented previously on the ARE miner, we plan to con-
ceptually extend this work by 1) developing an extension to the ARE miner that can
estimate and incorporate the interaction effect that can arise when there are multiple
responses to an action and 2) revisiting the concept of effects to see if we can relax
the formalization to allow for different types of effects other than the next action of
a process. Besides these conceptual extensions, we also plan to conduct additional
evaluations. Most importantly, we intend to further test the ARE miner on additional
real-world cases. What is more, we plan to compare the results of the ARE miner to
machine learning-based approaches. In this way, we can obtain further insights into
the applicability and the value of the ARE miner.
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CHAPTER 5

Uncovering Complex Relations in
Patient Pathways based on

Statistics: the Impact of Clinical
Actions



Reading Guide. In the first part of this dissertation we focus on devel-
oping the ARE miner, a novel process mining technique to detect, an-
alyze, and visualize potential dependency patterns in work processes.
The second part of the dissertation focuses on extensions to the ARE
miner. In the following chapter, we generalize the ARE miner by
proposing a state-action approach to studying potential dependency
patterns. This state-action approach allows for a more relaxed defini-
tion of the input for the technique. Where the ARE miner is limited to
studying activities, the state-action technique allows for less strictly
defined input (e.g. the status of a patient). Again, the state-action
technique focuses on potential dependency patterns. Thus, in this
chapter we look into the statistical interplay between states and ac-
tions.

This chapter is based on the following publication:

Koorn, J. J., X. Lu, F. Mannhardt, H. Leopold & H. A. Reijers (2022c), “Uncovering complex
relations in patient pathways based on statistics: the impact of clinical actions”, in: Proceedings
of the 55th Hawaii International Conference on System Sciences.
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5.1 Introduction
Process mining is a popular family of techniques that uses event log data to visual-
ize and analyze organizational processes (Van der Aalst, 2016). Also, in the field of
healthcare, process mining techniques have become increasingly popular in recent
years (Mans et al., 2015; Rojas et al., 2016). The healthcare field offers many op-
portunities for process mining to support data-driven analyses to optimize complex
healthcare processes (Martin et al., 2020). Many healthcare case studies (e.g. (Mans
et al., 2008)) have been performed and even new techniques and methodologies
have been proposed (e.g. (Rovani et al., 2015)). As such, the healthcare domain and
process mining techniques have proven to be a fruitful combination.

However, most process mining techniques focus on the control-flow perspective,
i.e. they focus on the order in which activities are performed. To investigate pro-
cesses from this perspective, a number of discovery techniques have been proposed
over the years. Prominent examples include the heuristic miner (Weijters & Van der
Aalst, 2003), fuzzy miner (Günther & Van der Aalst, 2007), and inductive miner
(Leemans et al., 2013). In a healthcare setting, these techniques can help healthcare
professionals, among others, to understand possible patient pathways (Prodel et al.,
2015). So-called conformance checking techniques can also show whether medical
guidelines and procedures are appropriately followed (Gatta et al., 2019).

Once such insights are obtained, natural follow-up insights are often required to
deepen the understanding of a process. In that light, practitioners are often inter-
ested in finding out how particular actions impact the patient pathways and their
well-being. The control-flow perspective does not reveal the impact that actions may
have on the process. Recognizing this, existing process mining techniques have pro-
posed several alternative ways to uncover these insights. From a causal mechanisms
perspective, a number of techniques have been proposed that try to find statistically
significant patterns that show the impact of treatments in processes (Bozorgi et al.,
2020; Koorn et al., 2020). Composite state machine techniques also aim to tackle the
problem by identifying state transitions (Eck et al., 2016).

Nonetheless, both strands of techniques face some fundamental limitations that
prohibit their applicability in uncovering the impact of actions on the process. Firstly,
the techniques related to causal mechanisms are often not generic in their applica-
bility. To exemplify, the authors of (Koorn et al., 2020) propose a technique that can
only analyze repetitive processes and single actions (rather than multiple actions).
Secondly, the composite state machine techniques can capture the status of a patient
state and the transition between patient states, but they cannot show how process
activities influence state transitions. The limitations of the existing process mining
techniques motivate the proposal of a novel approach to gain an understanding of
the complex healthcare processes. Therefore, we propose a novel and generic state
abstraction approach to generate new insights in terms of the impact of actions on
the transition between states in organizational (healthcare) processes. In particular,
we propose a statistical approach to provide insights into the complex relations that
influence state transitions. We apply this technique to a public data set on sepsis and
uncover previously hidden relations in the healthcare process. These new insights
can form the basis for the hospital to improve their sepsis process in two ways: (1)
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Figure 5.1: Simplified sepsis process as a BPMN model

to optimize their cost-benefit balance in patient care, and (2) to review the way they
discharge patients to avoid early returns to the emergency room.

The rest of the chapter is organized as follows. In Section 5.2, we illustrate the
problem we address in more detail. In Section 5.3, we introduce our approach from
a conceptual point of view. In Section 5.4, we report on the results of our case study
on data from an emergency room where we show that the proposed approach can be
applied to real-world data and provides us with new insights on the impact of actions
on state transitions. In Section 5.5 we discuss related work before in Section 5.6 we
discuss the limitations and conclude the chapter.

5.2 Problem Statement
To illustrate the problem we address in this chapter, consider the scenario of a patient
being admitted to the emergency room (ER) of a hospital. In Figure 5.1 we visualize
such a healthcare process. What we see from the process model in Figure 5.1 is that
the process starts when a patient is registered (rp). After registration, the medical
team is required to perform initial blood tests to gain an understanding of the situa-
tion of the patient (tbv). Then, the medical team faces a decision to admit the patient
to a normal care ward or an intensive care ward (nw and ic). Next, the medical team
performs a number of activities that have to do with providing treatment to a patient
in the form of administering medicine (am). For example, they can administer an-
tibiotics through an intravenous line (IV). The end of the process, for most patients,
is the discharge from the ER (pr). However, some patients return to the ER at a later
stage (pra) or pass away (pd).

Process mining techniques can help healthcare practitioners and managers to ob-
tain better insights into this process. Based on data logged by IT systems so-called
process discovery techniques can detect and visualize which specific activities were
performed and in which order these activities were executed. These activities are
often a mix of medical activities (e.g. treatments) and logistic activities (e.g. trans-
ferring patients). Figure 5.1 represents the outcome of such a process discovery tech-
nique. We can see that the resulting process model gives an overview of the main
process flow. This focus on activities and their order are commonly referred to as the
control-flow perspective.

Visualizing the order in which activities are performed already aids in gaining an



Section 5.2 – Problem Statement ∣ 85

overall understanding of the process. However, it does not reveal the impact of certain
decisions on the process flow. Given the potential severity of decisions in an ER, it
is very important to understand which decisions lead to desirable and undesirable
outcomes. For example, doctors may want to understand if admitting a patient to an
intensive care ward (ic) increases or decreases the chances of that patient needing to
return to the ER at a later stage (pra). To understand such aspects, several process
mining techniques complementing the control-flow perspective have been developed.
We can identify two relevant research directions in this regard: (1) causal mechanism,
and (2) artifact-centric process discovery.

Previous research has looked into this phenomenon from a causal mechanism per-
spective (Bozorgi et al., 2020; Koorn et al., 2020). One technique is proposed by
the authors of (Koorn et al., 2020). In their approach, the authors study repetitive
aggressive behavior of clients by trying to identify statistically significant patterns
in actions of clients, responses of caregivers, and future aggression of clients. The
technique provides insights into the process of aggressive behavior but is limited in
its applicability to other scenarios for two reasons. First, the technique focuses on
repetitive processes. As such, the outcome of the process (the effect) must equal the
input (action) of the next iteration of the same process. Second, the technique only
considers the impact of singular actions but ignores the possibility of sets of actions.
Given these limitations, we cannot study our sketched problem setting. The sketched
healthcare process is not a repetitive process as its input (the activities conducted in
the context of the ER) and outcome (the discharge type) are not equal. Secondly, the
activities performed in the process can also be sets of activities rather than a single
activity, e.g. taking a number of blood tests rather than a single blood test.

Another research direction that relates to problems similar to ours are artifact-
centric discovery techniques (Eck et al., 2016). These techniques use composite state
machines to capture and visualize different perspectives on a process and how the
relations in a process change. The advantage of such techniques is that, by using
states, a generic approach is provided. The notion of states is interesting in this
setting as we cannot capture the status of a patient in terms of activities, only in
terms of states (e.g. pr or pd). In the sketched problem we are interested in how
the process activities (e.g. ic or mw) influence the state of a patient. However, the
composite state machine techniques do not provide insights into the activities that
impact the state transitions. In the above problem scenario, we would be able to
understand state transitions, but not the underlying causes for those transitions.

In sum, to obtain the insights required in our scenario, existing process mining
techniques are either not sufficiently generic or do not provide insights into the com-
plex relations. The combination of these two factors is crucial to aid practitioners
and managers in gaining an in-depth understanding of the process and generating
actionable insights. In this research, we introduce a novel approach that explicitly
differentiates between states and actions and automatically discovers whether (sets
of) actions lead to different states.
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Figure 5.2: Proposed approach

5.3 Approach
In Figure 5.2 we show which steps we take in the approach. Below, we go into detail
on every step.

5.3.1 Step 1: State-action log

Observed Normal discharge Deceased Readmission Total
Normal ward 350 50 90 490
Intensive care 350 150 60 560
Total 700 200 150 1,050

Expected Normal discharge Deceased Readmission Total
Normal ward 326.7 93.3 70.0 490
Intensive care 373.3 106.7 80.0 560
Total 700 200 150 1,050

Table 5.1: Running example sepsis chi-square table

The input for our approach is an event log L that captures how the considered
process was executed. Formally, we can define L based on the universe of all events E .
The events recorded for a single execution (i.e., an instance) of the process are called
a trace, which is modeled as a sequence of events. Therefore, we denote a trace with
n events as σ = < e1, . . . , en >, where each event e ∈ σ is part of E . However, for the
purpose of our analysis, we require an adapted notion of such a traditional event log.
Therefore, we build the state-action log. Specifically, we need to distinguish which
events from a trace σ represent states and which events from σ represent actions that
lead to state changes. To this end, we introduce a function α, which returns for each
e ∈ E whether e represents a state or an action. To illustrate this, consider the trace
σ1 = < rp, tbv, daw, nw, am, pr >, which represents a possible trace according to the
process shown in Figure 5.1. As pointed out above, we are particularly interested in
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the impact of the activities conducted in the ER on the discharge type (pre, pra, or
pd). Therefore, we define α in such a way that it maps the three discharge types to
states and all other events to actions. As a result, we can analyze whether and which
activities lead to one or the other discharge type.

Due to the complexity of real-world processes, the definition of α requires input
from domain experts. This means that we ask the user to define which events repre-
sent actions according to our definition. While this is certainly associated with some
effort, it makes sure that our technique can detect practically relevant relationships.

5.3.2 Step 2: Statistical analysis
Once the state-action log is created, the approach moves to the analysis step in which
we perform statistical tests to discover significant relations. Here, we perform chi-
square tests, which are subject to a number of assumptions. This step is followed
by post-hoc tests. The Chi-square test is a well-established statistical test proposed
halfway in the last century (Cochran, 1952). The Chi-square test has many advan-
tages (McHugh, 2013), the main reasons for its use in this approach are: (1) it is very
robust due to its non-parametric nature (i.e. it does not make assumptions about data
distribution), (2) the computation of the statistic is relatively easy and fully transpar-
ent, (3) the test provides rich information, and (4) the test is very suitable for in-depth
post-hoc tests.

The test takes two inputs: (1) a set of observed behavior for two categorical vari-
ables and (2) the chi(χ) distribution. The categorical variables in the context of our
approach are the state and the action. The data that is used in the chi-square test rep-
resents how often each combination of state and event is observed in reality. This is
referred to as the observed frequency. The observed frequencies are converted into an
n×m table where n represents the number of action sets and m represents the number
of states. This is called the observed frequency table, see for example the top of Table
5.1. Based on this table the chi-square distribution is introduced. In our example sce-
nario we have two actions; admission to normal ward and admission to intensive care
unit, and we have three states; normal discharge, deceased, and readmission. Table 5.1
shows artificially generated data for illustrative purposes.

The chi-square distribution is used to calculate the expected frequency for each cell
(i.e. combination of action and response). The expected frequency calculator takes
the distribution and the observed frequency grand total and total of each column and
row. Using these number the following formula is applied: Nr×Nc

E[s][a] where Nr equals
the expected row total, Nc equals the column total and E[s][a] equals the grand total.

Take for example the action normal ward and state normal discharge. The observed
frequency is 350. The expected frequency is calculated based on the column total
(700), row total (490), and grand total (1,050). Applying the formula on the example
gives: 490×700

1050 = 326.7 The result of this exercise is represented in a separate table
called the expected frequency table, see the bottom of Table 5.1.

Now, the chi-square test compares the difference between the observed and ex-
pected frequency for each cell. These differences are all summed and result in the
chi-square score. The formula used for this is:
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χ2
c =

(Os1,a1 − Es1,a1)2

Es1,a1
+ ....+ (Osn,an − Esn,an)2

Esn,an
(5.1)

In the formula, Osn,an describes the observed value and Esn,an describes the ex-
pected value for a combination of state and action where 1 to n denote the individual
action or state. If we apply this formula on our example case for all the combination
of states and actions, i.e. from state normal discharge (ND) to state readmission (R)
and for action normal ward (NW) and action intensive care (IC). This results in the
following equation:

χ2
3 =

(OND,NW − END,NW)2

END,NW
+ ...+ (OR,IC − ER,IC)2

ER,IC
(5.2)

We know from Table 5.1 that there are three states and two actions, so the degrees
of freedom: c = (3− 1)× (2− 1) = 3.

χ2
3 =

(350− 326.7)2

326.7
+ ...+ (60− 80.0)2

80.0
= 51.56 (5.3)

If the observed and expected frequency values are sufficiently different, a large test
score is returned. The next step is to check which pairs of observed and expected
frequencies are sufficiently different. This step is quite complex and describes how
the chi-test score is compared to the chi-distribution, see (Fisher & Yates, 1938) for
more details. The larger the chi-square test score, the more likely it is a significant
score. In this study, we test on the alpha = 0.05 level. If the chi-square test score is
significant, this indicates that there is at least one set of actions for which we observe
a significantly different frequency of states than expected. In the example above, the
p-value is 6.4∗1012 which is well below the alpha level of 0.05. Thus, we can conclude
that there is a significant relationship between at least one set of actions and states.

The chi-square test is subject to a number of data assumptions, which need to be
checked (McHugh, 2013). Most assumptions have to do with the way the data is
collected and stored. They can only be manually checked by the analyst. However,
one assumption relates to the sample size and can be automatically checked. Specif-
ically, the assumption states that in the expected frequency table in 80% of the cells
a minimum value of 5 must be present. In this work, we apply a heuristic selection
criterion to test this. If the assumption is not met, an NA value is returned and no
further test results are returned.

The next step in the analysis is to perform post-hoc tests. The goal is to determine
which specific combinations of sets of actions and states are significantly related. To
that end, a detailed statistic called the adjusted standardized residual (ASR) is calcu-
lated (Agresti, 2003). The ASR standardizes the difference between the observed and
expected frequency using the following formula:

ASR = Os1,a1 − Es1,a1√
Es1,a1 ∗ (1− Es1,a1

Nc
) ∗ (1− Es1,a1

Nc
)

(5.4)

To apply it to our example case scenario, let us consider the state action combina-
tion of normal discharge and normal ward:
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Figure 5.3: Resulting graph of the running example

ASR = 350− 326.7√
326.7 ∗ (1− 326.7

700 ) ∗ (1− 326.7
700 )

= 5.70 (5.5)

With the ASR score, three metrics are produced: (1) its significance, (2) its value,
and (3) its size. In the analysis part of the algorithm, only the significance of the ASR
is used. The ASR score is then normalized and compared to a standardized p-value
score (critical score) (Agresti, 2003). The significance of the ASR score determines if
it has a significant impact on the overall chi-square test score. In the example scenario
above, the 5.70 score is significant. If the test result is significant, this means that the
tested combination of state and set of actions is significantly related. Below, we will
go into detail about how the graphical representations are created for all logs in which
at least one ASR score is significant.

As we perform multiple statistical tests on the same data set we have to correct for
the multiple comparisons problem (Miller, 1981). The multiple comparisons problem
states that with each test we increase the chance of finding something by chance.
To counteract this, we adjust the p-value we set as a significance barrier with the
Bonferroni correction (Haynes, 2013). The test corrects the p-value according to the
following formula: p = alpha

n where alpha is the significance level, n equals the number
of tests, and p equals the new p-value used for testing. Applying this to the running
example, we perform tests on each cell (n=6) and test on a 0.05 alpha level. Thus:
p-value = 0.05

6 = 0.008.

5.3.3 Step 3: Graph creation
The goal of the graph creation is to visualize the uncovered statistical relations from
the analysis step. Existing work of (Koorn et al., 2020) proposes a technique to visu-
alize statistical relations in process mining. In this work, we build on that particular
visualization technique. The aim of graph creation is to increase the understandabil-
ity of the graph to the end-user. To that end, the significance, value, and size of the
ASR and the frequencies of the arcs are used to create graphical representations.

The significance determines which arcs need to be drawn for each node. If the ASR
value is significant, an arc is drawn. If the ASR value is insignificant, no arc is drawn.
The value of the ASR can be either positive or negative and determines its direction.
The direction of the ASR cannot be negative as that would indicate a non-significant
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value and thus no arcs would be drawn. If the ASR value is positive, a solid arc is
drawn to indicate a positive relational direction. If the ASR value is negative, a dotted
arc is displayed to indicate a negative relational direction. Returning to the example
scenario described in the previous section, a 5.70 significant score would result in a
solid arc to indicate a positive relational direction between a normal ward and normal
discharge. In practical terms, after a normal ward, we see an increased likelihood that
a normal discharge follows.

The size of the ASR value corresponds with the thickness of the arcs. In total there
are six thickness classes, three for positive and three for negative values. These classes
are based on the maximum and minimum ASR values and the critical value. A simple
algorithm calculates the difference between the maximum and the critical score (usu-
ally ∣2.57∣) and determines three equally large ranges for three classes. The classes
reflect the effect size of the relation. A thicker arc means a stronger relationship. In
our case, 5.70 is the largest ASR value. Thus, it would be represented as a thick solid
arc in the graphical representation.

Note that a thicker dotted arc means a stronger negative relation. To exemplify, a
thickly dotted arc between a set of actions and a state reflects that there is (highly)
decreased likelihood that this state occurs after that set of actions. Finally, the ob-
served and expected frequencies that are calculated in the second step are displayed
on each drawn arc. This helps to gain an understanding of the prevalence of each
combination of state and action.

If we apply this approach to the running example, as depicted in Table 5.1, we get
the representation that can be found in Figure 5.3. Here, we see for example that
admission to a normal ward (n = 490) (slightly) increases the chances of a normal
discharge (observed = 350, expected = 350) and (largely) decreases the chances that
the patient deceases (observed = 50, expected = 93). In addition, the same analysis
can be applied to the cases that are admitted to the intensive care unit. Finally, we
see that readmission is not included in the graph, which means that it has no effect
on either the normal discharge or death of a patient.

5.4 Case study
The goal of this section is twofold: (1) to demonstrate the applicability of the pro-
posed approach in a real-world scenario, and (2) to generate new insights into the
complex relationship between state and action. To this end, the sepsis data from
(Mannhardt & Blinde, 2017) is used in this research. Below, we will first go into
detail on the data set and its characteristics. As will be explained below, the data
can be analyzed in multiple ways. Therefore, we present two different ways to create
a state-action log based on the sepsis event log in the pre-processing section. First,
we present the results where we look into the effect of continuous monitoring and
substance administration of a patient on the way a patient is discharged. Then, we
present the results where we look into the impact of the decisions of the medical team
on whether or not the patient returns to the ER room. Here, we study two main de-
cision moments: (1) to which type of ward the patient is admitted, and (2) in what
way the patient is discharged. The goal of looking into these challenges is to show
that our approach can produce new work hypotheses that can be used to enhance the
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Figure 5.4: Multi-perspective process model used for decision mining on the sepsis process data
in (Mannhardt & Blinde, 2017)

understanding of healthcare processes. Ideally, these insights form a starting point of
a collaborative effort with healthcare practitioners and/or managers to uncover and
understand the complex relations in their healthcare processes.

5.4.1 Case study data and context
The data for this project was collected in another study in which the re-
searchers collaborated with a medium-sized regional hospital in the Netherlands
(Mannhardt & Blinde, 2017). The project was aimed at studying the trajectories
of emergency room patients, more specifically, those patients with symptoms of sep-
sis. Sepsis is a life-threatening condition where the body reacts to an infection by
damaging its own tissue. Sepsis requires continuous monitoring and treatment with
antibiotics. Data was taken from systems in three locations: emergency room, lab-
oratory, and another ward. This data was anonymized and combined into one data
warehouse after which an event log in XES format was created. In total, the log con-
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Activities mapped to states Activities mapped to ac-
tions

Analysis 1 ‘ER Registration’, ‘Admission
NC’, ‘Admission IC’, ‘Release
A’, ‘Release B’, ‘Release C’,
‘Release D’, ‘Release E’

‘Lactic Acid’, ‘IV Liquid’, ‘IV
Antibiotics’, ‘CRP’, ‘Leuco-
cytes’

Analysis 2 ‘ER Registration’, ‘return ER’ ‘Admission NC’, ‘Admission
IC’, ‘Release A’, ‘Release B’,
‘Release C’, ‘Release D’, ‘Re-
lease E’

Table 5.2: Mapping from activities to states and actions of analyses

tains traces for 1,050 cases and 15,214 events that are recorded in 1.5 years of patient
records (from November 2013 to June 2015). The log contains 16 unique activities
and 846 distinct variants. More details on the data and its collection can be found in
(Mannhardt & Blinde, 2017).

The event log contains sixteen activities: three activities for the registration and
triaging, three activities for taking certain blood measures for patient monitoring (leu-
cocytes, CRP, and lactic acid), two activities for the administration of substances to
the patient (IV liquid and IV antibiotics), two activities for admission or transfer to
normal ward or intensive care unit (admission NC or IC), five types of discharge (ac-
tivities release A-E) from the hospital, and one activity capturing if patients returned
to the ER at a later stage (within 28 days).

In their project, the authors of (Mannhardt & Blinde, 2017) mainly focus on three
challenges: (1) conformance checking in terms of adherence to medical guidelines,
(2) uncovering the various trajectories that patients can flow through, and (3) dis-
cover decision rules to detect returning patients (Mannhardt & Blinde, 2017). They
create a process model depicted in Figure 5.4 to study these challenges. For our work,
we aim to expand on this work by focusing on the latter two challenges. These two
challenges are of interest as the impact of certain actions can influence both the tra-
jectory of a patient as well as the patient return rate of patients to the ER. As for
the patient trajectories, the authors describe the various types and frequencies of the
paths that patients can take (Mannhardt & Blinde, 2017). They also indicate that
some paths are more desirable than others. In this light, it is interesting to deter-
mine if there are certain actions that lead to a more desirable patient path. However,
from the work of (Mannhardt & Blinde, 2017), no insights can be obtained from their
findings as to which specific actions impact the path of the patient.

The first challenge addresses the patient trajectories, turning to the second chal-
lenge where the authors focus on patients returning to the ER. The authors of the
original study try to apply decision mining techniques (De Leoni & Van der Aalst,
2013; Mannhardt et al., 2016) to discover if there were certain rules that could give
insights into whether or not a patient would return to the ER within a certain time
frame. Ideally, rules would be discovered that helped doctors gain insights into which
actions to perform or decisions to take in order to reduce the number of returning pa-
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tients. However, the authors could not find any such rules based on, amongst others,
triage documentation and values from metrics taken. In this work, we will expand on
the challenge of returning patients by studying if monitoring the patient continuously
and/or administrating substances through IVs is correlated with a lower likelihood of
the patient returning to the ER.

5.4.2 Pre-processing
As explained in our approach, we try and tackle two challenges: (1) patient trajecto-
ries, and (2) patients returning to the ER. For each challenge, we create a correspond-
ing state-action log by mapping the activities to the set of states and the set of actions.
For this cases study, we created two state-action logs, one for each analysis. For the
first analysis, we mapped the ER registration, admission, and discharge activities as
states and considered the tests and the medicines as the actions. This mapping allows
us to find whether the lab tests and the medicines have any influence on the admis-
sions (to IC or NC) and the type of discharge. For the second analysis, we mapped the
admission and discharge activities to actions and the ‘ER Registration’ and ‘return ER’
activities as states. This mapping allows us to find whether the admission to IC or NC
and the discharge types have any influence on the patient returning to the hospital or
not. The concrete mapping is listed in Table 5.2. In the following sections, we discuss
the results found.

5.4.3 Continuous monitoring and substance administration

Figure 5.5: Sepsis analysis when we use metrics as actions and discharge type, admission type
and registration as states

As mentioned previously, one of the challenges in the ER room is to find out how
doctors can influence the trajectories of patients. In that respect, we developed a log
where we are interested in the states: ward type and discharge type. Ward type can
be either normal ward (Admission NC) or intensive care (Admission IC). Discharge
type can be one of five types categorized as release A - release E. Finally, there can be
patients still in the ER at the time of data collection; this should result in a nan (No
return to ER). Next to the states, we are interested in the actions that can impact the
state transitions: CRP, Leucocytes, Lactic acid, IV liquid, and IV antibiotics.

The first three actions are all decisions of the medical team to (continuously) moni-
tor a patient’s status through blood tests. The blood tests (CRP, leucocytes, and lactic
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acid) are performed almost by default when a patient is admitted to the ER and has a
slight fever. These tests are also performed regularly after a patient has been admit-
ted to the hospital to check whether an applied treatment is working or not and may
serve as a grounding to discharge patients. The last two actions regarding an IV refer
to the decision of the medical team to administer substances to the patient. We can see
in Figure 5.4 that these patient pathways exist, but we are interested in determining
the impact of taking these blood tests and administering substances. The results from
our approach can be split into two parts: (1) the relations visible in the graph, and
(2) the lack of expected relations.

In Figure 5.5 we can see the statistically significant relations between the actions
and the states. What we observe in the figure is that 656 cases are admitted to the
normal care ward, roughly 60% of the population. In line with expectations, we can
observe that two of the continuous monitoring actions are significantly related to the
further trajectory of the patient: CRP and leucocytes. The CRP test refers to a c-
reactive protein test; the leucocytes test is a white blood cell test. These are tests to
check if the patient is reacting to inflammation.

In Figure 5.5 we can observe that performing these tests is related to a higher prob-
ability of release type A (normal discharge) and release type D (transfer to another
care facility). Especially release type A is common, we observe that this follows CRP
and leucocytes in 459 cases where we would only expect 372 cases based on the sta-
tistical tests. In addition, performing these two tests is related to a lower probability
of readmission to the normal care ward, this is observed 121 times where we would
expect 192 cases. In short, the results show that monitoring a patient’s blood values
is related to a higher probability of a normal discharge of that patient, which is the
desired outcome for all parties involved. This is not so surprising, as the results of
these tests are used to determine whether a patient can be discharged or not.

What cannot be observed from the figure is that there are a number of relations
that are expected, but were not found. First, we would expect to see a similar pattern
for all blood tests and substance administration. Interestingly, the other blood test
(lactic acid) and the administration of liquid and/or antibiotics through an IV do not
have a significant impact on the patient pathway. These three actions are performed
when the medical team estimates that the patient’s condition is severe. Therefore, we
would expect it to have a relation with the admission to the IC and/or to other types of
discharges. However, no such relationship is found in the data. It seems worthwhile
to collaborate with domain experts to further investigate the effect of these actions
on patient well-being. The goal of such a project could be to optimize the cost-benefit
balance for the care of these patients.

5.4.4 Medical team decisions
The second challenge relates to the return of patients after they leave the ER. Previous
work could not identify rules to determine what factors play a role in the return of
patients (Mannhardt & Blinde, 2017). To follow up on this challenge, we investigate
whether the decisions made by the medical team to admit a patient to a normal or
intensive care unit and how the patient is discharged have an impact on the return
of patients. As such, the states for this challenge are: registration and return to ER or
nan (no return to ER). In turn, the actions are: admission type and discharge type.
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Figure 5.6: Sepsis analysis when we use registration and return as states, and admission type
and discharge type as actions

From the original process model in Figure 5.4, we can see that the return of patients
happens in almost a third of the cases (27.8 %), but we cannot infer what might cause
a patient to return.

In Figure 5.6 we can see the statistically significant relations between the states
and actions. What we can observe is that admitting the patient to the normal care
ward and having a normal discharge (Release A) is a relatively frequent pathway
for patients: it is observed for roughly half the patients (585 out of 1,050 cases).
If we look at the impact of these actions, we see that they are related to a higher
probability of a patient returning to the ER. We observe that this happens 234 times
whereas we expect it to happen 164 times. In addition, these actions are related to a
lower likelihood of patients not returning to the ER. This is observed 351 times versus
the expected 421 times.

A similar pattern shows if a patient is not only admitted to the normal ward (Admis-
sion NC), but also the intensive care (Admission IC) followed by a normal discharge
(Release A). The patient is, again, more likely to return to the ER and less likely to
not return to the ER. This patient pathway is considerably less common but is still
observed for roughly 10% of the patient population.

This is an interesting finding as it indicates that there is a group of patients that
seem to be doing relatively well. This is indicated by the fact that they are admitted
to a normal ward and discharged normally. However, a subgroup of this patient group
might not be doing so well in reality as they return to the ER. This points to the fact
that symptoms might be overlooked during the first admission that comes into play
at a later stage. Further research should look into this patient population to identify
which patient characteristics are associated with this to lower the return of patients.
Gaining insights into this can result in better care for the patients as their pathology
can be improved. In turn, this reduces both costs for the hospital and patients.

5.5 Related Work
As discussed in the problem statement, causal process mining techniques are related
closely to the problem we set out to tackle in this chapter. To discover causal mech-
anisms in process models often decision rule or root cause approaches are proposed
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(Bozorgi et al., 2020; Gupta et al., 2015; Suriadi et al., 2012). The authors of (Bo-
zorgi et al., 2020) propose an exemplary case of such a decision rule mining tech-
nique. They develop a model in a financial context in which they use uplift trees
to determine for which subgroups of clients a specified treatment has an effect. Al-
though this technique produces valuable input, the technique heavily relies on the
definition of subgroups. This is not always a suitable approach as it can be that there
is a specific process for a (largely) uniform subgroup of patients. No insights can be
generated into the effectiveness of treatments.

Another limitation that this approach poses becomes clear when we consider the
output these techniques produce. The output of the decision rule mining techniques
is often declarative in the sense that they produce a set of rules described in text
format which serves as a guideline to optimize decision making in the process (e.g.
(Bozorgi et al., 2020)). In other work on causal mining, the output of causal mining
techniques is more imperative in the sense that the authors propose a more graphical
style output (e.g. (Koorn et al., 2020)). Existing research has shown benefits for
each type of output, but concludes that a hybrid form is optimal for maximizing
the understandability of a process (Agresti, 2003). In turn, this should increase the
effectiveness of turning process mining results into actionable insights (Martin et al.,
2020).

In the present work, we present a novel approach that addresses these limitations.
Our approach is generic in the sense that it is flexible in its formalization of state and
action. In addition, our approach produces graphical representations (i.e. process
models) with declarative elements (i.e. statistical relations and annotations) as out-
put. This ensures that the approach is: (1) applicable to a wider spectrum of problem
scenarios, and (2) that the results that are produced better can be used to support the
interpretation and communication of the findings. To the best of our knowledge, no
such approach or techniques have been previously proposed.

5.6 Conclusion
In this chapter, we proposed a novel approach to discover the statistical relations
between states and actions. This work combined two main approaches to propose
an approach that is both generic and identifies complex relations in organizational
processes. The approach is generic in the sense that it can deal with a wide range
of scenarios, as long as we can identify states and actions. The generic applicability
stems from the flexibility in the concepts of states and actions. To exemplify, an action
can consist of single or multiple activities. In the latter case, the action can be defined
in different ways, for example, as a set or sequence of activities. The limitation of
such a generic approach is that it requires manual work to define such actions and
states. Ideally, this is done through a collaboration between a process analyst and
domain expert.

We used a case study for two purposes: (1) to test the applicability of our approach,
and (2) to generate new insights into complex relations. The case study concerned
a public data set on 1,050 patients with sepsis that were admitted to the emergency
room in a Dutch hospital. We applied the approach to tackle two remaining questions
regarding patient pathways and patient return rates. First, the approach aimed to
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identify those actions that have an influence and are related to the desired patient
pathway. Thereby optimizing the cost-benefit balance in the care of patients. Second,
the approach was used to determine what actions in the processes are related to
higher or lower probabilities of patients returning to the ER at a later stage. Ultimately
providing new insights into which patients are susceptible to early return to the ER
room with sepsis symptoms.

There are two main limitations to the proposed approach: (1) domain knowledge
is required to define actions and states, and (2) the approach cannot confirm that
the relations are causal relations. As for the first limitation, the technique is not
automated in the sense that it can detect states and actions. Ideally, this would be
the case as it would decrease the burden on the involvement of domain experts. A
brute force approach is an alternative, here one would try and map the activities in
the process in all possible combinations of states and actions. However, this would
severely escalate the multiple comparisons problem.

The second limitation concerns the fact that the approach discovers potential causal
relations. It shows that there is a relation between a state and an action but cannot
guarantee that this relation is causal. In order to do that, a number of others steps
need to be taken. For example, possible confounding variables need to be checked
and a number of other independence criteria need to be met (i.e. exchangeability,
positivity, and consistency) (Bozorgi et al., 2020).

In future work, we will focus on the notion of causality by including additional
tests and checks into the approach such that it can be automatically detected. In
addition, we will address the problem of automatically detecting states and actions
from a given event log.





CHAPTER 6

Mining Statistical Relations for
Better Decision Making in
Healthcare Processes



Reading Guide. In the previous chapter, we present a state-action ex-
tension to the ARE miner to make the technique more generic. In the
second extension in this part of the dissertation, we present a work in
which we look into confounding variables. Confounding variables are
variables that interfere with the discovered dependency patterns by
offering alternative explanations. In this chapter, we propose a tech-
nique that helps detect, display, and deal with potential confounding
variables. Understanding and handling alternative explanations is a
crucial step during the study of potential dependency patterns. This
second extension also concludes the second part of the dissertation.

This chapter is based on the following work:

Koorn, J. J., X. Lu, H. Leopold & H. A. Reijers (2022b), “Mining statistical relations for better
decision making in healthcare processes”.
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6.1 Introduction
In many professional settings, taking the right actions often results in whether the
desired outcome can be obtained or not. In a healthcare context, such desired out-
comes include improving symptoms of a patient, curing a certain disease, or plainly
saving a patient’s life. Given the considerable impact of certain actions in healthcare
settings, there is a large desire to better understand how taking (or not taking) par-
ticular actions is linked to such outcomes (Brookhart et al., 2010; Deng et al., 2013).
The data that is collected by modern Health Information Systems (HISs) provides a
valuable basis to study and understand this link. Among others, HISs may record
which actions have been taken, when these actions have been taken, and who was
involved (Rojas et al., 2016; Van der Aalst, 2016). Nonetheless, the link between
actions and outcomes is inherently complex and may depend on a large number of
contextual factors (Deng et al., 2013).

To illustrate the complexity of the link between actions and outcomes, consider
a residential care facility where patients with different intellectual disabilities live
together. One of the main objectives of such a facility is providing the patients with
the best possible quality of life and, therefore, preventing instances of aggressive
behavior (Lloyd & Kennedy, 2014). If aggressive behavior occurs, caretakers face a
number of different options for responding to such an incident. Potential responses
range from mild measures, such as simply talking to the patient, to severe measures,
such as isolating the patient. Whether the chosen response was effective with respect
to preventing further aggressive incidents in the future is a complex question. The
effectiveness of the response might be affected by certain patient characteristics, the
type and severity of the incident, and other contextual factors. It is, for instance, well
imaginable that a certain response can indeed lead to a lower number of aggressive
incidents in the future, but only for incidents with a certain severity. If the severity
is very high, it may not matter which response the caretaker chooses. This example
illustrates how complex the link between actions and outcomes can be in real-life
healthcare situations. Nonetheless, if it was possible to identify the complex relations
in this setting and, in this way, reduce the number of aggressive incidents in the
future, this could greatly improve the quality of life for patients in the facility.

The case of aggressive behavior highlights the importance of understanding the link
between actions and outcomes in healthcare processes. Researchers have proposed
various techniques that aim to discover such relations. The most prominent ones can
be found in the literature on process mining in healthcare. They can be subdivided
into two main groups. The first group of techniques leverages technology from the
area of machine learning and artificial intelligence. For instance, Bozorgi et al. (2020)
propose an action-rule-based technique in which they use uplift trees to determine for
which client groups a particular treatment has a causal effect. The second group of
techniques takes a statistical perspective. For example, Brunk et al. (2020) look at the
context in which a process takes place and runs a Dynamic Bayesian Network model to
determine causal relations. Koorn et al. (2020) propose a statistical mining technique
in which they aim to uncover which measures from caretakers have a statistically
significant effect with respect to desired outcomes.

While all these techniques provide insights into statistical relations between actions
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and their outcomes, they do not properly address the problem of confounding vari-
ables, i.e., variables that explain the dependent variable better than the considered set
of independent variables. Existing techniques either 1) do not account for confound-
ing variables at all (Koorn et al., 2020) or 2) they do not provide insights into the
confounding variables (Bozorgi et al., 2020). Not accounting for confounding variables
can lead to a flawed understanding of the underlying process and, therefore, can lead
to poor decision making (Nørgaard et al., 2017). In the example introduced above,
the severity of an incident represents a confounding variable since it can explain the
occurrence of aggressive incidents in the future (the dependent variable) better than
the chosen response (the independent variable). From a decision-making perspec-
tive this means that, based on the severity, different responses need to be taken. Not
providing insights into confounding variables can lead to similar problems since the
user does not understand the possible effects of environmental or contextual factors
on the discovered relations. As pointed out by Shortliffe (2012), this may become a
considerable problem since decision-makers in the medical domain tend to only trust
recommendations and predictions if they understand how they were generated.

Against the background of this research gap, we use this chapter to propose a novel
relation mining technique for healthcare processes that 1) explicitly accounts for con-
founding variables and 2) transparently communicates the effect of the confounding
variables to the user. To this end, we adopt a process mining perspective and consider
healthcare processes as a series of events. More specifically, we consider a scenario
where a decision-maker needs to choose from a set of responses given a particular
action and we would like to understand whether these responses can be related to
future actions, so-called effects. To develop and illustrate our conceptual ideas, we
build on the problem of aggressive behavior in residential care facilities. As outlined
above, in such a setting, we would like to understand whether a certain response
from a caretaker (e.g., isolating a client) to a patient’s action (e.g., aggressive be-
havior towards people) is linked to a patient’s action in the future (e.g. no further
aggressive behavior). On a technical level, we combine process mining techniques
with advanced statistical testing. As a result, our technique can identify complex hid-
den relations that can be visualized in an understandable and transparent fashion.
By doing so, we pave the way for a better understanding of the complex relations in
healthcare processes and, in this way, make better decisions.

The rest of the chapter is organized as follows. In the background section, we in-
troduce the technology of process mining and we elaborate on the technical and sta-
tistical aspects required for mining statistical relations. In the technique section, we
define and explain the technical details of our technique. In the application section,
we demonstrate the applicability of our technique using real-world data set relating
to aggressive incidents in a residential care facility. Finally, we discuss the theoreti-
cal implications and limitations of our technique in the discussion section before we
conclude the chapter.

6.2 Background
In this section, we discuss the technical and theoretical background of our work. First,
we introduce the technology of process mining and explain why and how it is used.
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Second, we introduce the notion of an action-response-effect log as the specific input
our technique builds on. Third, we explain how we can detect statistically significant
relations in action-response-effect logs.

6.2.1 Process mining
Process mining is a family of data analysis techniques that aims to discover, monitor,
and improve organizational processes by analyzing data from so-called event logs
(Van der Aalst, 2016). These event logs are generated by various information systems
that are used in organizations and, therefore, capture how organizational processes
are executed. Process mining provides companies with the means to achieve various
objectives such as obtaining a better understanding and control of their processes
(Li et al., 2008). Van der Aalst et al. (2011) distinguishes three forms of process
mining: discovery, conformance checking, and enhancement. Discovery techniques
are used to derive the control flow of a process. Their aim is to generate process
models without any prior information. These process models often determine the
starting point of process mining projects. With conformance checking, organizations
can compare the intended process execution with the actual process execution to
detect unknown structural deviations. Thirdly, enhancement extends existing process
models with additional information by building upon process execution data. This
includes the use of timestamps to highlight, for example, bottlenecks or throughput
times. Process mining has been applied in a variety of settings, but a large strand
of research focuses on the healthcare domain. Process mining has been applied in
various healthcare settings (Rojas et al., 2016). Among others, process mining has
been used to analyze patient care processes (Fei, Meskens, et al., 2010; Kim et al.,
2013), dentistry processes (Bakhshandeh et al., 2017; Mans et al., 2012a), and cancer
treatment processes (Binder et al., 2012). Given the frequent and successful use of
process mining to analyze and understand healthcare processes, we also build on
process mining technology to address the problem of relation mining in this chapter.

6.2.2 Action-response-effect logs
The event logs used by traditional process mining techniques are a collection of
sequences of events. Each event is structured in the same way to record in-
formation such as the corresponding case, the corresponding task, the time of
the execution, and the user (resource) who executed the task. A sequence of
events that correspond to a particular case is called a trace. A trace is the life-
cycle of one particular case. In the context of this chapter, we consider a spe-
cific type of event log: an action-response-effect log. It differs from a traditional
event log in the sense that there are different types of events that are (casually)
linked. To illustrate the notion of an action-response-effect log, we use the ex-
ample of aggressive behavior in residential care facilities. Formally, an action-
response-effect log L is a specific type of event log, where each event contains
a case identifier (e.g., client id), an action (e.g., “Verbal aggression (VA)”), a re-
sponse taken towards the action (e.g., “Distract Client”), and a follow-up effect (e.g.,
“physical aggression against object (PO)”).

Table 6.1 exemplifies such an action-response-effect log, where each row records
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ID Event ID Timestamp Action Response(s) Effect Severity

1 e1 12-05 09:53 VA Warning PO 5
1 e2 13-05 13:35 PO Distract Client, Seclusion τ 9
1 e3 26-05 09:32 VA Warning PP 6
1 e4 26-05 11:02 PP Distract Client τ 7
2 e5 21-06 14:51 VA Distract Client VA 7
1 e6 23-06 21:23 VA Distract Client τ 6
2 e7 24-06 17:02 VA - τ 3
3 e8 29-07 11:22 VA Warning PO 4
3 e9 31-07 08:13 PO Warning, Seclusion PP 9
3 e10 31-07 10:48 PP Distract Client τ 8

Legend: VA = Verbal Aggression, PP = Physical Aggression
(People), PO = Physical Aggression (Objects)

Table 6.1: Excerpt of an action-response-effect log

an occurred event. The column “Action” indicates the action of the event, the col-
umn “Responses” lists the responses to the event, and the column “Effect” the follow-
up effect. We define a function πr to return the set of response events {re

1, . . . , re
n}

of an event e; we write πr(e) = {re
1, . . . , re

n}. For each trace σ = ⟨e1, . . . , en⟩, the
sequence of responses is ⟨πr(e1), . . . , πr(en)⟩. For example, in the action-response-
effect log listed in Table 6.1, for event e1: πc(e1) = 1 is the case of event e1,
πl(e1) = “Verbal Aggression” (VA) is the action of e1, and πr(e1) = {“Warning”} is
the set of responses of e1.

For each trace σ = ⟨e1, ..., en⟩, we define the effect for each ei, where 1 ≤ i < n as
follows: if the elapsed time to the next event ei+1 is less than ε, the effect πnext(ei)
of ei is the action of ei+1, else we say that the effect is a silent action τ. Formally, if
πtime(ei+1) −πtime(ei) ≤ ε, then πnext(ei) ∶= πl(ei+1), else πnext(ei) ∶= τ. An approach
to convert a traditional event log into an action-response-effect log has been described
in Koorn et al. (2020).

6.2.3 Mining action-response-effect patterns
Given an action-response-effect log, it is possible to mine relevant action-response-
effect patterns (Koorn et al., 2020). Such patterns reveal, given a particular action,
which relations between responses and effects are statistically significant. While the
existing notion of action-response-effect patterns introduced by Koorn et al. (2020)
does not take confounding variables into account, we build on this existing notion
in this chapter. Below, we explain how we can mine action-response-effect patterns
from an action-response-effect log using the chi-square test.

The chi-square test principally compares the observed frequencies to expected fre-
quencies as calculated based on the chi distribution. The chi-square test is subject to
a number of assumptions, which are described in detail in (McHugh, 2013). To test
the hypothesis of whether an effect is independent of the response to an action, the
number of observed events is compared to the number of expected events of differ-
ent responses and effects. To calculate the number of observed events, we create a
matrix (table) where each cell is filled with the number of observed events of a re-
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Observed PO PP VA SIB τ Total

Warning 250 400 200 100 50 1000
Held with force 20 50 50 20 10 150
Seclusion 30 50 20 10 10 120
Terminate contact 100 100 90 60 10 360
Distract client 100 150 40 40 20 350
Total 500 750 400 240 100 1990

Expected PO PP VA SIB τ Total

Warning 252.5 378.8 202.0 116.2 50.5 1000
Held with force 37.9 56.8 30.3 17.4 7.6 150
Seclusion 30.3 45.5 24.2 13.9 6.1 120
Terminate contact 90.9 136.4 72.7 41.8 18.2 360
Distract client 88.4 132.6 70.7 40.7 17.7 350
Total 500 750 400 240 100 1990

Legend: VA = Verbal Aggression, PP = Physical Aggression (People), PO =
Physical Aggression (Objects, )SIB = Self-Injurious Behavior

Table 6.2: Excerpt of the tables used to perform high-level statistical tests; horizontal cate-
gories: effect, vertical categories: response

sponse and an effect. Let a ∈ A be an action, R = {r1,⋯, rm} be a set of responses, and
C = {c1,⋯, cn} a set of effects. We define a ∣R∣ × ∣C∣ matrix; where each row represents
a response ri, each column represents an effect cj, and each cell counts the number
of observed events that have response ri and effect cj. We then have

freqa,R,C =
⎛
⎜⎜⎜
⎝

f1,1 f1,2 ⋯ f1,n
f2,1 f2,2 ⋯ f2,n
⋮ ⋮ ⋱ ⋮

fm,1 fm,2 ⋯ fm,n

⎞
⎟⎟⎟
⎠

where

fi,j = freqL(a, ri, cj) = ∣{e ∈ L ∣ πl(e) = a ∧ ri ∈ πr(e)∧πnext(e) = cj}∣ (6.1)

For instance, given a log L as listed in Table 6.1, f reqL(“VA”, “Warning”, “PO”) =∣
{e1, e8}∣= 2. Considering Table 6.2 and omitting the column totals and row totals, it
exemplifies a matrix freqa,R,C. If the effects are independent of responses, then we
expect to observe that the distribution of effects of a response is similar to the total
distribution.

Each row ri presents the distribution of effects c1, ..., ck to the response ri. To test
whether each individual response ri has an influence on the effects, we define freqa,r,C
as a 2× ∣C∣ matrix:

freqa,r,C = ( f1,1 f1,2 ⋯ f1,n
f2,1 f2,2 ⋯ f2,n

) (6.2)

where f1,j = freqL(a, r, cj) and f2,j is the frequency distribution of effects of the re-
sponses other than r, i.e., f2,j = ∣{e ∈ L ∣ πl(e) = a ∧ r ∉ πr(e)∧πnext(e) = cj}∣.
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Observed PO PP VA SIB τ Total

Terminate contact = 0 300 500 210 180 90 1280
Terminate contact = 1 100 100 90 60 10 360
Total 400 600 300 240 100 1640

Expected PO PP VA SIB τ Total

Terminate contact = 0 312.2 468.3 234.1 187.3 78.0 1280
Terminate contact = 1 87.8 131.7 65.9 52.7 22.0 360
Total 400 600 300 240 100 1640

Legend: VA = Verbal Aggression, PP = Physical Aggression (People),
SIB = Self-Injurious Behavior, PO = Physical Aggression (Objects)

Table 6.3: Excerpt of the tables for an individual response used to perform statistical tests;
horizontal categories: effect

An example of freqa,r,C where r is “Terminate contact” is listed in Table 6.3. Perform-
ing a chi-square test allows us to calculate the expected values and test the statistical
dependency between responses and effects. The chi-square test compares the ob-
served frequencies to the expected frequencies. If they differ significantly, then the
null hypothesis is rejected. This means we cannot rule out that there is a statistical
dependency relation between the response and the effect.

In line with the preliminaries, existing techniques aim to uncover statistical re-
lations in a more process-oriented manner. These techniques uncover interesting
patterns that are useful for understanding a healthcare process such as aggressive
behavior. However, the techniques suffer from an important limitation. In order to
better understand these potential causal relations, one needs to consider and explain
the potential effect that a confounding variable can have on the discovered relation-
ships. This chapter proposes a technique that can detect and visualize confounding
variables.

6.3 Technique
In this section, we present our technique for relation mining in healthcare processes.
As illustrated in Figure 6.1, our technique consists of three main steps: (1) statisti-
cal tests, (2) scenario determination, and (3) graph creation. As input, it requires an
action-response-effect log, a set of potentially confounding variables, and two specific
parameters. As output, it provides the user with a number of graphical representa-
tions illustrating the identified relations. Below we elaborate on the inputs, the three
conceptual steps, and the output in detail.

6.3.1 Input
The inputs for our technique consist of three main elements: (1) an action-response-
effect log, (2) data on the candidate confounding variable, and (3) parameters k and
M. Since we already introduced (1) in the background, we now focus on (2) and (3).
In general, the data that is used for the candidate confounding variable can be any
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Figure 6.1: A visual representation of the proposed technique

attribute in the data set that is measured in the same fashion as the action, responses,
and effects. In Table 6.1 this is showcased by the last column Severity. The data can be
of both categorical or continuous nature. In the proposed technique, we use a number
of parameters to determine the strategy for detecting a possible confounding variable.
First, we use k to denote the number of stratified data sets that we create. By default,
this parameter is set to a value of 2. Simply put, if the candidate variable consists of
two categories (e.g. aggression history where we have yes or no), we split the data
into two data sets. One set only contains clients that have a history of aggressive
behavior and one set only contains clients that were never aggressive before.

Next to that, we need a strategy to split the data set into multiple subsets. This
holds for candidate variables that have more than 2 categories and for numerical
variables. Parameter M determines this strategy. Two main approaches can be taken:
(1) use of domain knowledge, or (2) use of an automated approach. The first case
is preferred since the interpretation of the outcomes is highly dependent on domain
knowledge. However, if this is not feasible, there are approaches to automate the
splitting of data into subsets. For this technique, it is most suitable to split the data
such that the observations are distributed equally over the categories (i.e. subsets).
This minimizes the chances that the assumptions for the statistical test are violated.
The maximum number of data subsets (k) can then be expanded in an iterative way,
keeping the size of each k equal as long as the test assumptions are met.

6.3.2 Relation mining
The relation mining is the core of our technique and consists of three specific steps:
(1) statistical tests, (2) scenario determination, and (3) graph creation.
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Statistical tests
The goal of performing the statistical tests is three-fold: (1) determine for which
actions there exist statistical relations between response and effect, (2) determine
which exact responses relate to the effect, and (3) test how the exact relations hold
when we introduce the confounding variable.

When we look for confounding variables, we first check the chi-square test score
for the original data set. The original data set here contains the action-response-
effect log that is described in the preliminaries section. The chi-square test takes this
log and calculates for each entry the expected values based on the chi-distribution.
Then, the observed frequencies from the original log and expected frequencies based
on the chi-distribution are compared to each other and a test score is calculated.
This score indicates how large the difference between these scores is on an aggregate
(log) level. If the test score is significant, this means there is at least one significant
combination of response type and effect type. As such, we can conclude that there is
a relation between the response and effect variable. If the test score is insignificant,
this means that there is no relation between the response and effect variable. The
exact mathematical approach of the chi-square in the action-response-effect context
is described in the preliminaries section.

If the chi-square test score for the original log is insignificant, no further testing is
performed. If the chi-square test score for the original log is significant, each indi-
vidual response variable is tested in a similar fashion to determine which response
type has a relation with the effect variable. This is done by performing a chi-square
test for each response type. If these scores are significant that means that the specific
response type is related to the effect. If the test score is insignificant, no relation
between that particular response type and the effect exists.

Finally, we introduce an extra variable, the possible confounding variable. We refer
to it as the candidate variable from here on. The candidate variable is used to stratify
the original data into k smaller data sets. We refer to these as subsets. Following
this, we perform the chi-square test on each of the subsets. We refer to respective
results as the subset test scores. The test scores for each subset can be significant or
insignificant, again indicating whether or not there is a relation between the response
and the effect variable.

Scenario determination
At this point, there are three possible scenarios that can occur: (1) the original test
score and subsequent subset test scores all have the same results, (2) the original
chi-square test has the opposite results in comparison to each individual subset test
scores, or (3) the original chi-square test equals at least one and opposes at least one
subset test score. In Table 6.4 we present the different scenarios.

Below, we go into detail on each of the scenarios. First, we explain the theoretical
rationale. Next, we exemplify the interpretation using a running example. For the
running example, we take the type of response taken by the nurse (e.g. terminate
contact) as the independent variable and the type of future aggressive behavior of the
client (e.g. physical aggression) as the dependent variable. The candidate variable
we investigate is severity of the incident (score between 1 and 10), where we split the
category into two: severe incidents (score ≥ 7), and mild incidents (score 1-6). In
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Original data Subset Confounding variable

Significant
All significant No confounding variable
Mixed results Mediator variable

All insignificant Confounding variable

Insignificant
All significant Confounding variable
Mixed results Mediator variable

All insignificant No confounding variable

Table 6.4: Scenarios for test results for confounding variable. The (in)significant values refer
to the chi-square test score(s)

Observed PO PP VA SIB τ Total

Terminate contact = 0 100 160 75 60 30 425
Terminate contact = 1 30 40 30 20 3 123
Total 130 200 105 80 33 548

Expected PO PP VA SIB τ Total

Terminate contact = 0 100.8 155.1 81.4 62.0 25.6 425
Terminate contact = 1 29.2 44.9 23.6 18.0 7.4 123
Total 130 200 105 80 33 548

Legend: VA = Verbal Aggression, PP = Physical Aggression (People),
SIB = Self-Injurious Behavior, PO = Physical Aggression (Objects)

Table 6.5: Excerpt of the tables for an individual response used to perform statistical tests. This
table represents the group of data with a mild severity score (1-6); horizontal categories: effect

Table 6.5 and Table 6.6 we display how the data from Table 6.3 could be stratified
based on the severity score. As becomes clear, the original table is split based on
the severity score of each incident into two tables. Note that the numbers of both
Table 6.5 and Table 6.6 add up to the numbers in Table 6.3.

Scenario 1: no confounding variable
In the first scenario, we find that all test results are either significant or insignifi-
cant. If all test results are significant, there is a relation between the independent
and dependent variable, regardless of the candidate variable. If all test results are
insignificant, there is no relation between the independent and dependent variable,
regardless of the candidate variable. In both cases, the candidate variable has no effect
on the relationship between the independent and dependent variable. Thus, we can
conclude the candidate variable is not a confounding variable.

In terms of the running example, suppose we initially find a significant relationship
between the type of response and type of future aggression. For example, responding
to aggression by terminating contact with a client leads to more verbal aggression in
the future. If we then split the data set based on severity and we get significant scores
for both subsets, we can conclude that regardless of the severity of the incident this
relation holds. If the initial finding is that there is no significant relation, then we
find no effect of terminating contact with a client on the type of future aggression.
If all subset test scores are also insignificant, this shows that the relationship does
not change if we consider only severe or only mild incidents. Based on this, we
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Observed PO PP VA SIB τ Total

Terminate contact = 0 200 340 135 120 60 855
Terminate contact = 1 70 60 60 40 7 237
Total 270 400 195 160 67 1092

Expected PO PP VA SIB τ Total

Terminate contact = 0 211.4 313.2 152.7 125.3 52.5 855
Terminate contact = 1 58.6 86.8 42.3 34.7 14.5 237
Total 270 400 195 160 67 1092

Legend: VA = Verbal Aggression, PP = Physical Aggression (People),
SIB = Self-Injurious Behavior, PO = Physical Aggression (Objects)

Table 6.6: Excerpt of the tables for an individual response used to perform statistical tests. This
table represents the group of data with a severe severity score (≥ 7); horizontal categories:
effect

can conclude that the severity of the incident is not a confounding variable in both
examples. Apparently, the severity of the incident does not influence the relation
between type of response and type of future aggression in this scenario.

Scenario 2: a confounding variable
In the second scenario, we find that the original test result shows the opposite (in
terms of significance) compared to each of the subset test scores. In this scenario,
there is a significant effect of the candidate variable on the relationship between
the independent and dependent variables. In the case that the original test score is
significant and the subset test scores are insignificant, the test results show that the
hypothesized relation between the independent and dependent variables disappears.
In the opposite case, where the original test score is insignificant but the subset test
scores are significant, the results show that under certain circumstances (i.e., those
captured in the candidate variable) there is a relationship that is hidden when all data
is combined. Hence, the hypothesis that there is no relation between the independent
and dependent variables is falsified. Thus, in both cases we can conclude that the
candidate variable is a confounding variable, after all, the candidate variable presents
an alternative explanation to the independent variable for the dependent variable.

Returning to the running example, we would find a significant relationship between
the type of response and type of future aggression. Let us consider talking to the client
as a type of response and verbal aggression as a future aggression type. If we split
the data using the severity score, and run the chi-square test on each subset, we
then find insignificant chi-square test scores for both subsets. The interpretation is as
follows: There seems to be a relation between talking to the client and future verbal
aggression. However, if we separately consider severe and mild aggressive incidents,
the relation disappears. In the opposite case, we would initially find no relation
between talking to the client and future verbal aggression (insignificant chi-square
test score). However, when we split the data based on severity score we would see
that for mild and severe incidents separately, we do see the relation. In both cases,
we see that the severity score has an impact on the relationship between talking
to the client and future verbal aggression. As such, we conclude that the severity
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of the incident is a confounding variable; it explains the dependent variable (future
aggression type) better than the independent variable (response type).

Scenario 3: a mediator variable
In the final scenario, we find mixed results in the subset test scores, regardless of the
original test score. In this scenario, if the original test score is significant we hypothe-
size that there is a relation between the independent and dependent scores. However,
the subset test scores show that this relation only holds under certain, yet not all, cir-
cumstances captured in the candidate variable. In other words, the candidate variable
mediates the relation between the independent and dependent variables. Thus, we
can conclude that the candidate variable is a specific type of confounding variable.
It has an influence but does not provide a complete alternative explanation for the
relation between the independent and dependent variables. If the original test score
is insignificant, we hypothesize that there is no relation between the independent and
dependent variables. However, based on the sub-test scores we can conclude that in
certain circumstances, captured in the candidate variable, the relation does exist in
some contexts. The relation disappears when all data is combined. Hence, the candi-
date variable has an effect on the relation between the independent and dependent
variables. Thus, when we find mixed results in the subset test scores, we can conclude
that the candidate variable is a specific type of confounding variable which we refer
to as the mediator variable.

In this scenario, we would initially find a significant relation between terminating
contact with a client and future verbal aggression. This is the case in Table 6.3. How-
ever, when we introduce the severity score again, the chi-square test for incidents with
a high severity score results in an insignificant test score (Table 6.6), but for mildly
severe incidents we do find a significant test score (Table 6.5). What we can also see
from the expected frequencies in both tables is that the distribution between applying
the treatment or not has changed. For example, for the effect PP in Table 6.5 we see
a 20%-80% distribution (n = 160/40) for applying the effect or not. In Table 6.6 this
distribution shifts to 15%-85% (n = 340/60). As a result, we find mixed results in
the subset tests.

From the mixed subset results we conclude that if the severity score of an incident
is high, it does not matter if we terminate contact with the client in terms of the
type of future aggressive behavior. By contrast, if the severity of an incident is mild,
terminating contact with the client has an effect on the type of future aggressive
behavior. The same reasoning goes when the initial finding is insignificant. As a
result, we can conclude that the severity score is a confounding variable in both cases
as it influences the relation between type of aggression and type of future aggression.
Note that this is different from scenario two in the sense that it only influences the
relation under specific circumstances, as such we refer to this "type" of confounding
variable as the mediator variable.

Graph creation
The goal of the graph creation is to visualize the mined relations. To this end, we
build on the visualization mechanisms proposed in the context of the ARE miner
(Koorn et al., 2020). In principle, a detailed statistic called the adjusted standardized
residual (ASR) is calculated for all possible combinations of actions, responses, and
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effects. The ASR is used in three ways: (1) its significance, (2) its value, and (3) its
size. The significance of the ASR determines which edges need to be drawn out of all
possible combinations of nodes. Then, based on the value of the ASR, either a solid
arc (positive values) or dotted arc (negative values) is drawn. Thirdly, the size of
the ASR value determines the thickness of the arcs, there are six size classes in total,
three for positive and three for negative. The reasoning is, that the thicker the arc,
the larger the effect size it represents. Finally, the observed and expected frequency
are displayed on each arc to provide the user with additional concrete insights into
the statistical relations.

6.3.3 Output
The output of our technique is a set of mined relations visualized in the context of
graphical representations. When the technique detects a confounding variable, there
are three scenarios: (1) The original test score is significant and the subset test scores
are significant. In this case, this technique produces the same graphical representation
as to the ARE miner, see Figure 6.2 as an example. (2) The original test score is
insignificant, but the subset test scores are significant. The technique only returns
the graphical representations for each of the stratified data sets with a significant test
score. In this case, the severity of the aggressive incident is tested as a confounding
variable. We produce one graphical representation for highly severe incidents (e.g.
score ≥ 7) and one graphical representation for less severe incidents (e.g. score <
7). (3) There are mixed results in the subset test regardless of the original score. In
this case, the technique produces only the graphical representations for the subsets
with a significant test score (see Figure 6.3 and Figure 6.4 as examples of the output).
Finally, if the original score is insignificant and all sub-test scores are also insignificant,
no graphical representation is generated as there are no statistical relations.

6.4 Application
In this section, we show the applicability of the proposed technique. First, we in-
troduce the data from a real-world case study. Then, we introduce the candidate
variable: severity of the incident. Finally, we elaborate on the results and insights we
can obtain when we apply the proposed technique to the data.

6.4.1 Case study: data set
To evaluate the applicability of our technique to detect confounding variables we use
a real-world data set related to the care process of a Dutch residential care facility.
The event log contains 21,384 recordings of aggressive incidents from 1,115 clients.
The process captured in this log concerns the aggressive behavior of clients in their
facilities and the way client caretakers respond to these incidents. The log consists of
aggressive incidents of clients that belong to one of four different action classes. Each
of these actions is followed by a number of measures from the caretakers as responses
to the action. Each response belongs to one of nine different response classes. We
transformed this log into an action-response-effect log by defining the next aggressive
incident of a client as an effect if it occurred within 9 days. Otherwise, the link is not
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Actions

Physical aggression towards people 11,381
Physical aggression towards objects 1,446
Verbal aggression 5,778
Self-injury 2,779
Total 21,384

Responses

Talk to client 9,279
Held with force 3,624
Leave room 3,638
Distract client 2,561
Send away 3,169
Seclusion 1,156
Other measures 209
None 783
Ignore client 70
Total 24,489

Effects

Physical aggression towards people 5,897
Physical aggression towards objects 686
Verbal aggression 2,369
Self-injury 1,429
No next incident (τ) 9,888
Total 20,269

Clients

Minimum number of actions per client 1
Maximum number of actions per client 449
Average number of actions per client 19.2
Total 1,115

Table 6.7: Overview of the characteristics of the real-world data set

considered and the effect is defined as τ, i.e. none. This transformation procedure
is in line with the approach followed by Koorn et al. (2020). As a result, we obtain
a total of five different effect classes. Table 6.7 summarizes the characteristics of our
data set.

6.4.2 Case study: the candidate variable
To put the results produced by our technique into a context, it is interesting to com-
pare them to those from the ARE miner (Koorn et al., 2020), the technique that is
most similar to ours. Among others, the ARE miner uncovered that responding to
verbal aggression with physical restraints (i.e. seclusion of client) leads to an in-
creased chance of escalation of future violence (i.e. more violence towards persons).
However, the ARE miner does not account for candidate variables that can influence
the discovered relations. In this work, we build on this notion and check for possible
confounding variables. Based on insights from the healthcare organization and ag-
gression literature one promising candidate variable is identified: the severity of an
aggressive incident.

Previous research has linked the severity of an incident to the well-being of both
client and caretakers (Hastings, 2002). Well-being in the context of aggressive behav-
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ior is strongly determined by the stress that is experienced by the people involved in
the aggressive incidents. Aggressive behavior can have serious negative consequences
for clients, e.g. more coercive measures, physical injuries, or exclusion (Nieuwenhuis
et al., 2017; Van den Bogaard et al., 2018). These factors all increase the stress ex-
perienced by clients. Research shows that clients who experience more stress display
different kinds of aggressive behavior (Brosnan & Healy, 2011).

On the other hand, research shows that support staff who experience high levels
of stress due to aggressive behavior of their clients are likely to respond in differ-
ent ways (Hastings, 2002; Zijlmans et al., 2012). The negative experience of an
aggressive incident can translate to both under- or overestimating the severity of an
incident. Underestimating the severity can result in a minimized perception of the
risks and attention required to deal with the behavior. Overestimating can lead to the
unnecessary seclusion/isolation of clients with all negative consequences associated
with these measures such as violation of autonomy and respect (Huckshorn, 2004;
Noda et al., 2012).

In summary, we see that the severity of incidents influences aggressive behavior in
two ways. First, it affects the behavior of clients. Second, it has an impact on the way
caretakers handle aggressive behavior. Given this, we hypothesize that the severity of
an incident is a confounding variable for the relationship between the response of the
caretaker and the future aggression of clients.

6.4.3 Case study: results
The first step of the technique is to determine how the data is stratified. In our case,
we stratified the data based on domain knowledge. Severity refers to the gravity of
the incident as indicated by the caretaker on a 1-10 scale. Based on this knowledge,
two subsets are created. Thus, our k parameter equals the default value (k = 2). One
subset is created for mild incidents where we define mild as an incident with a score
between 1 and 7. Another subset captures severe incidents, where we define severe
as a score ≥ 7.

Recall that the relation miner produces results for response-effect combinations for
a given action. As such, a substantial amount of tables and graphical representations
were produced when checking for the confounding variables. To keep the results
digestible we selected an exemplary case. In Table 6.8 we highlight the results for
the initial action self-injurious behavior where we check for the candidate variable
severity of the incident. In Figure 6.2 we display the original results for the action
self-injurious behavior. Subsequently, Figure 6.3 and Figure 6.4 show the results when
the data is stratified based on the severity of the incident. Here, Figure 6.3 shows the
results for mild incidents (score 1-6) and Figure 6.4 shows the results for severe
incidents (score ≥ 7). In the next section, we go into detail on the findings and show
how each of the scenarios described in the technique section can be found in the
results of this case study. As can be seen for one response (seclusion) no test could be
performed on the subsets; this has to do with the prerequisites of the chi-square test.
We will get to this in the limitations.
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Response type Original set Subset 1: severity <7 Subset 2: severity ≥ 7 Scenario
Terminate contact Significant Significant Significant 1

Send to other room Significant Insignificant Insignificant 2
Distract client Significant Significant Insignificant 3
Talk to client Significant Significant Significant 1

Seclusion Insignificant Not enough data Not enough data -
Hold with force Significant Significant Significant 1

No measure Significant Significant Significant 1

Table 6.8: Results of candidate variable tests for the variable severity of incident. The action is
self-injurious behavior. The significance scores refer to the result of the chi-square score(s)

Figure 6.2: Graphical representation for action self-injurious behavior for original data set

No confounding variable
Recall that scenario 1 from the previous section refers to the category where there
is no confounding variable. In Table 6.8 we see that a number of responses fit this
description. For example, Terminate contact as a response has a significant effect on
the future aggression after a self-injurious behavior incident. We can observe this
finding in the graphical representation based on the original results in Figure 6.2,
the node in the middle row with terminate contact. Here, we can see that based on
the original data, terminating contact with the client increases the chances of a next

Figure 6.3: Graphical representation for action self-injurious behavior for mild incidents (score
1-6)



116 ∣ Chapter 6 – The Case of Confounding Variables

Figure 6.4: Graphical representation for action self-injurious behavior for severe incidents
(score ≥ 7)

incident of the type of verbal aggression (VA) and reduces the chances of another
self-injurious behavior type of future incident (SIB).

When the data is then stratified and tested again, we see that the chi-square re-
sults of the subset tests match that of the original test (see Table 6.8). Thus, the
pattern of response and effect that we observed in the original data remains the same
for each of the subsets. We can see this in the graphical representations wherein
the mild incidents (Figure 6.3) the response terminate contact increases the chances
of verbal aggression as future aggression. In addition, in Figure 6.4 we observe the
same relation to verbal aggression and we see that terminating contact reduces the
chances of future self-injurious behavior. As such, we can conclude that the relation-
ship between terminating contact with a client and the effects (i.e. future aggressive
incidents) holds regardless of the severity of the incident. In other words, severity
score is not a confounding variable in this context.

A confounding variable
In the second scenario described in the previous section, we find a confounding vari-
able where the subsets all return the opposite test score compared to the test score
based on the original data set. In Table 6.8 we see that the response send to other
room fits this description. In the original data set, we find a significant relationship
between this response and the effects. This is visualized in Figure 6.2 where we can
observe from the node Send to other room that this response reduces the chance of a
future repetition of the self-injurious behavior.

When we stratify the data and check for the impact of sending a client to his/her
room, we can see that there is no effect of this response on the future aggressive
behavior of the client. Visually, we can also observe this in both Figure 6.3 and
Figure 6.4. There is no node for sending a client to their room anymore in either
figure. This means that the original finding that sending a client to his/her room does
not seem to have an effect when we consider the severity of the incident. As such,
the severity of the incident is a confounding variable in this context and we should
disregard this relation from the original finding.
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A mediator variable
The final scenario described in the previous section refers to the case where the tests
results of the subsets are mixed. In that case, there is a mediator variable. In our spe-
cific case, the response distract client meets these criteria. The test score for original
data shows a significant relation. In Figure 6.2 (most left node Distract client) we see
that distracting a client results in a higher chance of future violence against another
person.

When we then stratify the data based on the severity score we see that this relation-
ship holds for mild incidents, but not for severe incidents. This is also visually clear
as we observe the node distract client in (Figure 6.3) with the same relation to the
effect of physical aggression towards people (PP). In contrast, there is no such node
in the graphical representation in Figure 6.4 for severe incidents. The interpretation
of the effect of distracting a client is a bit more complex. The results show that if
an incident is severe, distracting a client does not have an effect on future aggression.
In other words, distracting a client is neither harmful nor helpful in this context. By
contrast, if incidents are mild in terms of severity, then distracting a client does have
an effect. In particular, distracting a client increases the chance of future aggression
towards another person in this context. We can conclude that the severity score is
a mediator variable as it influences the initially found relation between distracting a
client and future aggression. As such, it is very important to use the stratified graphi-
cal representations as support when making decisions on whether or not to distract a
client.

6.5 Discussion
In this section, we discuss the results of the application. First, we discuss the the-
oretical implications of this work by relating it to broader (IS) literature. Then, we
highlight the two main limitations of this approach: (1) data distribution, and (2)
interaction effects.

6.5.1 Theoretical implications
The phenomenon of confounding variables is not unique to the aggressive behavior
setting (Nørgaard et al., 2017). It is a concept that emerges whenever statistical re-
lations come into play. Data analytics projects aim to uncover relations and patterns
in data that inform academics, practitioners, or the general public on the underlying
mechanisms of a certain phenomenon (Ghasemaghaei et al., 2016). The ultimate
goal in these projects is often to not only find these relations and patterns but to
understand the mechanisms in the data (Bygstad & Munkvold, 2011). Confounding
variables form a crucial step in this path from observation to understanding (Green-
land et al., 1999). As such, the technique proposed in this research can be used to
strengthen research that aims to uncover insights into statistical relations and depen-
dency patterns. Thus, the technique proposed in this research can be generalized in
two ways: (1) decision-making, and (2) domain. First, the technique can provide a
valuable addition to data science approaches that work on decision-making in health-
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care. Second, it can be applied beyond the specific healthcare setting of the case
study.

The technique can provide further value to decision-making techniques that do not
account for possible confounding variables. Decision-making has been an important
topic of discussion on the IS literature agenda for a long time. Gallupe et al. (1986)
already pointed out that decision-making processes will increasingly have to be made
in a shorter amount of time and based on a larger amount of information. Recent
research confirms that decision-making is increasingly leaning on a data-driven ap-
proach (Rhyn & Blohm, 2019). One example of current research that works on data-
driven decision-making processes in the healthcare realm is Deng et al. (2013). They
take a data-driven approach to healthcare decision-making. What becomes apparent
when we study these examples in more detail is that decision-making is best sup-
ported by having a good data-driven understanding of the (statistical) relations that
exist among the factors based on which decisions are made. The technique proposed
in this chapter helps understand and visualize these relations and patterns by consid-
ering and handling alternative explanations that can influence the outcome.

Besides the healthcare domain, there are other fields in IS that are working on simi-
lar problems. Prominent examples from the IS field where statistical relations are also
sought are the digital commerce and data science movements. In line with previous
work of Bozorgi et al. (2020), uplift trees have gained traction in these fields. For in-
stance, in the digital commerce literature uplift trees have been used to study the way
(digital) enterprises can approach their customers best (Gubela & Lessmann, 2020).
Another example stems from the analytics and data science field where authors used
uplift trees to increase the cost-efficiency of experimentation (Haupt et al., 2019).
The uplift tree techniques generally do not provide insights into the mechanisms re-
lated to confounding variables. The technique proposed in this research can support
users of these techniques to gain a better understanding of the underlying effects that
confounding variables have on the discovered relations. With these insights, the user
can make better-informed decisions on which actions to perform.

6.5.2 Limitations
There are two main limitations to the proposed technique. First, we observe that
in the testing of our case study, a good distribution of the data is key to performing
the statistical tests proposed in our technique. Data distribution becomes a limiting
factor when the original data is stratified based on a candidate variable that heavily
skews the data. The second limitation regards an underlying assumption that is made
regarding the independence between the studied (candidate) variables. To give a
practical example, the technique builds on the premise that the severity of an incident
does not influence the duration of an incident, e.g. incidents that take longer are
more severe. These assumptions have been manually checked prior to performing the
statistical tests using correlation matrices and showed no signs of (linear) relations.
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6.6 Conclusion
In this chapter, we investigate the detection of statistical relations between the re-
sponses of an action and the effects of these responses on the process outcome. In
particular, we address the challenges of (1) detecting confounding variables, and (2)
obtaining concrete insights into their influence on the statistical relations between the
actions and the actual outcomes of a care process.

We proposed a novel technique to detect confounding variables and use graphical
representations to show their influence on the process outcomes. We applied our
technique to a real-world data set from the healthcare domain. The results show
that we detect three kinds of confounding variables and explain their impacts on the
process outcome in a graphical representation. For example, we not only detect that
the severity of an incident is a confounding variable when responding to self-injurious
behavior. In addition, we show that when an incident is severe, distracting a client
does not have an effect on future aggression, whereas when an incident is less severe,
distracting a client does help. In future work, we plan to validate and apply our
technique to other healthcare cases. In addition, we will expand on this work by
looking into automating the check for interaction effects amongst the confounding
variables.
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CHAPTER 7

Bringing Rigor to the Qualitative
Evaluation of Process Mining
Findings: An Analysis and a

Proposal



Reading Guide. The first two parts of this dissertation focus on more
in-depth approaches to the discovery of work processes. In the third
part, we take a step back and shift our attention to the evaluation
of process mining projects. In particular, we are interested in under-
standing how people perform evaluations in process mining projects
especially when external experts (i.e. domain experts) are involved.
On top of that, in this chapter, we aim to help people who perform
these types of evaluations by proposing a set of guidelines that help
improve the validity of these evaluations with domain experts. This
chapter concludes the main parts of this dissertation and is followed
by the concluding remarks.

This chapter is based on the following publication:

Koorn, J. J., I. M. Beerepoot, V. S. Dani, X. Lu, I. Van de Weerd, H. Leopold & H. A. Reijers
(2021), “Bringing rigor to the qualitative evaluation of process mining findings: an analysis
and a proposal”, in: 2021 3rd International Conference on Process Mining (ICPM), IEEE,
pp. 120–127.
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7.1 Introduction
Process mining is widely used to discover, analyze, and improve business processes
in various industries. Given its popularity, several methodologies have been devel-
oped to guide both practitioners and academics in performing process mining projects
(Emamjome et al., 2019). An important factor in process mining methodologies is the
interaction between process analysts and domain experts. This interaction often takes
place at the start of a project, during data extraction and pre-processing, and at the
end of a project, i.e., during the evaluation. The evaluation is an important step in
any process mining project as it is concerned with making sure that the findings are
actually valid. The domain experts are essential in this context since they are able to
assess and interpret the findings and translate them into actionable insights and rec-
ommendations. In this way, they make sure that a process mining project eventually
results in organizational value (Van Eck et al., 2015).

While existing process mining methodologies generally recognize the importance of
evaluating with domain experts (Emamjome et al., 2019), they do not provide specific
guidelines as to how such an evaluation should be performed. The main evaluation
focus of most existing process mining research is determining the effectiveness of
proposed techniques using established metrics such as precision, recall, etc. Projects
with this evaluation aim typically use a quantitative research approach, which com-
monly uses methods such as surveys and experiments. These are methods that aim
to numerically test theories and models by examining the relationship between vari-
ables (Creswell, 2013). While this is often sufficient to evaluate the technique itself,
the translation of the findings of a process mining project into actionable insights and
recommendations requires an additional evaluation step that involves domain experts
(Van Eck et al., 2015). In these evaluations often a qualitative research approach is
used in which methods such as semi-structured interviews and focus groups are com-
mon. This approach is used to explore the ‘why’ and ‘how’ behind discovered models
or theories (Creswell & Poth, 2016).

Overall, we observe an abundance of projects that involve organizational partners
where evaluations take place at the end of a project, but the field varies widely in
its approach to the evaluation with these partners. Based on this observation we
hypothesize that informal ways of evaluating have been applied over time. With that
in mind, we perform a literature study to describe current practices in process mining
projects. Additionally, we look into strategies from the qualitative research field,
which provide more guidance during qualitative evaluations with domain experts in
process mining projects.

This research aims to help move process mining research forward by offering sup-
port for process mining experts that seek to perform a qualitative evaluation in their
project. More concretely, we propose a list of six validation strategies from the quali-
tative research field. These strategies should be considered when performing process
mining evaluations in which domain experts are involved.

The rest of the chapter is structured as follows. First, we describe the method-
ology behind the literature study. Then, the results section describes the goals and
methods of these case studies. In the proposal section, we describe six existing valida-



126 ∣ Chapter 7 – Rigor in Qualitative Process Mining Evaluations

tion strategies from the qualitative research domain. Finally, we conclude our work,
discuss the limitations, and sketch directions for future research.

7.2 Research method
We performed an in-depth, systematic literature review aimed at reviewing the exist-
ing literature on process mining projects in which domain experts are involved. We
followed the guidelines presented by (Kitchenham & Charters, 2007). We illustrate
the search and selection process in Fig. 7.1. In total, four of the authors actively
performed the literature study, we refer to this as the literature team. We explain the
process in more detail below.

7.2.1 Extraction and Abstract Screening
Our objective was to include papers that describe the process of performing a process
mining project in practice. Therefore, we used the Scopus database to collect a broad
sample of papers. Gheasemi & Amyot (2016) showed that Scopus provides the best
balance between relevance and quantity when researching process mining papers.
The literature team extracted the papers in October 2020 using the keywords “process
mining” AND “case stud*”. The search resulted in 244 potential candidates being
judged on abstract and title. Three members of the literature team were involved
with this next phase of the extraction process. To ensure uniformity amongst the team
members, the first five papers were individually screened after which the decision
to include/exclude was verified by one other team member. Note that conference
proceedings are excluded to avoid duplicates as the individual conference papers are
already included. The result of this phase was a set of 191 papers that described one
or more process mining case studies.

7.2.2 Full Text Coding
Next, each member of the literature team coded five papers in NVivo (Jackson & Baze-
ley, 2019), a qualitative analysis software by QSR. The code ‘expert’ was used when-
ever we came across a piece of text in which a domain expert was mentioned in the
context of a process mining project.

In the second part of the coding phase, two members of the literature team, whom
we refer to as the core team, performed another round of full-text reading, each
on half of the papers mentioning in any way the involvement of domain experts in
process mining case studies. We started with five papers before synchronizing and
discussing the proposed sub-codes (Goal and Method), after which we read another
ten papers before synchronizing a second time. The result of this phase was a set of
quotations related to the two topics, collected from a total of 80 papers.

7.2.3 Analysis and Synthesis
In the analysis and synthesis phase, the core team revisited their quotations for the
two sub-codes. Each team member created an overview with a reflection on the infor-
mation found for both the goal and method of the evaluation, for each of the papers.
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Figure 7.1: Literature study process

After both team members were finished creating the overview and discussing com-
mon themes together, the overviews were merged. Finally, the core team performed
two rounds of abstraction, the first round analyzed the lower level codes. These
were grouped together in higher-level codes that were given by both team members.
For example, the description ‘conformance checking’ and ‘identifying non-conforming
cases’ were combined, this resulted in 14 description codes. Then, the second round
of abstraction took a more holistic perspective. In the second round, the core team
considered fundamental differences between the higher-level codes. The outcome of
these rounds of abstractions is presented in the results. If a paper did not include a
quote for either code, the paper was excluded from further analysis (n=35).

7.3 Results
In what follows, we present the results from the coding of the literature review. Recall
that we look into process mining case studies in which a domain expert is involved in
the evaluation. In these projects, we refer to the authors as process analysts to avoid
confusion. We coded in two main themes: (1) goals of the evaluation and (2) method
of evaluation. Having established this, we can cross-reference the results to see the
overlap between the codes. Below, we first go into detail on each of the themes,
followed by the cross-reference analysis.
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Goal Sub-goal Papers

Artifact

Understan-
dability

Abo-Hamad, 2017; Andrews et al., 2020a; Ben-
evento et al., 2019; De Alvarenga et al., 2018; De
Weerdt et al., 2013; Deokar & Tao, 2020; Epure et
al., 2015; Gorissen, 2017; Jalali, 2014; Johnson et
al., 2018; Lehto et al., 2016; Pini et al., 2015; Rojas
et al., 2019; Sirgmets et al., 2018; Song et al., 2009

Usability

Andrews et al., 2020a; Deokar & Tao, 2020; Goris-
sen, 2017; Pini et al., 2015; Rojas et al., 2019;
Sirgmets et al., 2018; Suriadi et al., 2017; Swinnen
et al., 2011; Van Langerak et al., 2017

Quality

Baier et al., 2014; Benevento et al., 2019; Cic-
cio & Mecella, 2015; De Weerdt et al., 2013; Dees
et al., 2017; Deokar & Tao, 2020; Duma & Ar-
inghieri, 2017; Epure et al., 2014; Ferreira et al.,
2007; Gorissen, 2017; Knoll et al., 2019; Lee et al.,
2016; Ly et al., 2012; Mans et al., 2008; Marazza
et al., 2019; Pérez-Castillo et al., 2012; Reijers et al.,
2009; Sirgmets et al., 2018; Song et al., 2009; Tay-
lor et al., 2011; Thabet et al., 2018; Van Eck et al.,
2016; Van Langerak et al., 2017; Yang et al., 2018

Insights

Findings
confirma-
tion

Alvarez et al., 2018; Andrews et al., 2020b; As-
tromskis et al., 2015; Baier et al., 2014; Cho et
al., 2014; Ciccio & Mecella, 2015; Denisov et al.,
2018; Elhadjamor & Ghannouchi, 2019; Ferreira et
al., 2007; Gorissen, 2017; Gunnarsson et al., 2019;
Hessey & Venters, 2016; Hompes et al., 2017; Knoll
et al., 2019; Kurniati et al., 2019; Li et al., 2011;
Mahendrawathi et al., 2015a; Mahendrawathi et
al., 2015b; Mahendrawathi et al., 2017; Mans et
al., 2013; Mans et al., 2008; Maris et al., 2016;
Mueller-Wickop & Schultz, 2013; Park et al., 2015;
Partington et al., 2015; Pérez-Castillo et al., 2011;
Prathama et al., 2019; Reijers et al., 2007; Reijers
et al., 2009; Rojas et al., 2019; Rovani et al., 2015;
Stuit & Wortmann, 2012; Suriadi et al., 2017; Syam-
siyah et al., 2017; Van den Ingh et al., 2021; Van Eck
et al., 2015; Vogelgesang & Appelrath, 2016; Wang
et al., 2014

Relevance

Gunnarsson et al., 2019; Jalali, 2014; Mahen-
drawathi et al., 2015b; Pérez-Castillo et al., 2011;
Suriadi et al., 2017; Swinnen et al., 2011; Thabet
et al., 2018; Van den Ingh et al., 2021

Generali-
zability

Hessey & Venters, 2016; Kurniati et al., 2019; Part-
ington et al., 2015; Wang et al., 2014

Confor-
mance
checking

Cho et al., 2014; Erdem & Demirörs, 2017; Mahen-
drawathi et al., 2017; Roubtsova & Wiersma, 2018

Table 7.1: All citations per goal category
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7.3.1 Goal of evaluation
By studying the various process mining case studies in which domain experts are
involved, we found that there were substantial differences in the objectives that were
set out in the evaluation phase of the individual papers. In Table 7.1 we present the
goal and sub-goal categories found in the literature study. In particular, we found
the most fundamental difference in the focus of the evaluation. Here, two main
focuses can be distinguished: (1) focusing on the evaluation of the artifact itself, or
(2) focusing on the evaluation of the insights that can be generated from the artifact.

The first type of evaluation focuses on evaluating the artifact that is created.
Slightly less than half of the articles belong to this type of evaluation. We find three
measures that highlight which aspects of the artifact are evaluated: (1) understand-
ability (n = 15), (2) usability (n = 9), and (3) quality (n = 25). Usually, a process
analyst creates an artifact which is consequently presented to a business domain ex-
pert. The understandability of the artifact refers to the level of comprehension with
which the business expert can examine the artifact. Concrete examples of evaluation
criteria for understandability are complexity of the artifact (e.g. (Benevento et al.,
2019)) or readability of an artifact (e.g. (Syamsiyah et al., 2017)). The usability
captures the ease of use of the artifact. In one of the case studies, the process ana-
lyst collaborated with domain experts to determine specific KPIs for the process, also
in light of conformance checking (Wang et al., 2014). Finally, the quality of the ar-
tifact describes how well the artifact is constructed. The largest part of the studies
focuses on this latter aspect (n = 25). Typically, the quality of an artifact consists
of several dimensions: correctness (the artifact is true and correct), completeness
(the artifact contains all appropriate elements), conciseness (the artifact represents
the same information in a similar fashion repeatedly), and consistency (the artifact
does not contain contradictions). Note that quality here only refers to the internal
quality of an artifact; the external quality (i.e. clarity) is captured in the usability and
understandability features.

The slight majority of the studies focus on the second type of evaluation: the in-
sights that one can generate based on the artifacts that are created during a process
mining project; we refer to these evaluations as insights evaluation. The largest part of
research that focuses on insights evaluation considers the confirmation of findings as
to the most important aim for the evaluation (n = 41). Typically, insights evaluations
focus on the interpretation and explanation of findings represented in the artifacts.
For example, some studies compare the expectations of business experts to the in-
sights generated from the artifact (e.g.(Mueller-Wickop & Schultz, 2013)). Another
goal is to regard the relevance of the findings, where the process analysts try to de-
termine how valuable the produced artifact is to the organization. In one case study,
the evaluation focused on four questions, one of which concerned determining the
relevance of their proposed framework for designing data visualization for process
mining diagrams (Sirgmets et al., 2018). Some studies also consider the generaliz-
ability of the produced artifact. To exemplify, in one case study a multi-perspective
approach was tested in one context, where the evaluation focused on gaining insights
into the applicability of the approach in other contexts (Kurniati et al., 2019). Finally,
some studies focus on conformance checking based on the produced artifact. Here, the
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goal is to perform a "reality check". These studies compare the artifact that is created
based on real data (event logs) to the existing protocols within an organization as
indicated by the domain experts (e.g. (Cho et al., 2014)).

7.3.2 Method of evaluation
We now turn our attention to the method that is used in the evaluation of process
mining case studies in which domain experts are involved. In Table 7.2, we present
the coding hierarchy for the method of the evaluation. We can distinguish two main
types of methods: qualitative and quantitative. Within each type of method, we
identify a number of data collection techniques (e.g. survey). On an aggregate level,
we observe a strong tendency to perform the evaluation using a qualitative method
(n = 64).

What stands out within the qualitative methods is that we find a clear pattern as
to the lack of structure in the evaluation phase of a process mining project. The
vast majority of the studies perform an undefined discussion to evaluate their results
(n = 39). These undefined discussions are usually described using the following
terminology: “The results were presented to a business expert.” or “We discussed the
results of the project with a domain expert.”. In these studies, no guidelines, rules, or
protocols are described that support the evaluation phase of the research.

Other data collection techniques are also employed in the qualitative method
group, such as interviews (n = 19), focus groups (n = 2), and workshops (n = 4).
These studies all describe a setting in which the domain expert and process analysts
interactively discuss the study findings following some sort of protocol. Often, a rigor-
ous approach and reflection on the chosen method and technique lack in these works
as well.

By contrast, we observe that in the quantitative method group, studies follow a
more rigorous approach. For example, a strand of studies collects data through the
annotation of process mining results (n = 12). In one case study, the authors ask
experts to manually annotate the complexity of so-called attack models for an intru-
sion detection system (De Alvarenga et al., 2018). Furthermore, some studies use
surveys to evaluate their findings (n = 6). This is generally done when the evaluation
criteria are determined a priori. For example, conjoint analysis is used to determine
the weights of various performance dimensions (Van den Ingh et al., 2021). Finally,
we see a handful of studies setting up an experiment (n = 4) to study their results.
For example, in one research the authors simulate a hospital setting to validate their
algorithm (Cho et al., 2014).

7.3.3 Cross-reference analysis
As presented above, process mining project evaluations can differ fundamentally in
two respects: (1) their goal, and (2) their method. It is important to note that the
divisions presented above are not mutually exclusive: a study can pursue both types
of goals or employ multiple types of methods. The goal of the present study is not to
provide a normative perspective on when to use which method or define what goal.
Rather, we describe the current practices in process mining projects. There are two
things that stand out when we do this: (1) a qualitative approach is often taken to
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Method
type

Methods Papers

Q
ua

nt
it

at
iv

e Survey
Andrews et al., 2020a; Cho et al., 2014; Epure et al.,
2014; Gorissen, 2017; Suriadi et al., 2017; Van den
Ingh et al., 2021

Manual
annota-
tion

Baier & Mendling, 2013; Benevento et al., 2019;
Calvanese et al., 2017; De Alvarenga et al., 2018;
Deokar & Tao, 2020; Dixit et al., 2018; Lee et al.,
2016; Pérez-Castillo et al., 2012; Pérez-Castillo et
al., 2011; Thabet et al., 2018; Van Eck et al., 2016;
Yang et al., 2018

Experiment
Deokar & Tao, 2020; Epure et al., 2014; Pérez-
Castillo et al., 2012; Van den Ingh et al., 2021

Q
ua

lit
at

iv
e Focus

group
Gunnarsson et al., 2019; Johnson et al., 2018

Undefined
discussion

Andrews et al., 2020b; Astromskis et al., 2015; Ben-
evento et al., 2019; Cho et al., 2014; Cho et al.,
2019; Ciccio & Mecella, 2015; De Weerdt et al.,
2013; Denisov et al., 2018; Elhadjamor & Ghan-
nouchi, 2019; Engel et al., 2012; Erdem & Demirörs,
2017; Hompes et al., 2017; Lehto et al., 2016; Li et
al., 2011; Mans et al., 2008; Marazza et al., 2019;
Maris et al., 2016; Martin et al., 2019; Montali et al.,
2014; Mueller-Wickop & Schultz, 2013; Park et al.,
2015; Partington et al., 2015; Pérez-Castillo et al.,
2012; Pérez-Castillo et al., 2019; Pini et al., 2015;
Prathama et al., 2019; Reijers et al., 2007; Rojas
et al., 2019; Rovani et al., 2015; Samalikova et al.,
2014; Song et al., 2009; Stuit & Wortmann, 2012;
Swinnen et al., 2011; Syamsiyah et al., 2017; Taylor
et al., 2011; Van den Ingh et al., 2021; Van Eck et al.,
2015; Van Langerak et al., 2017; Vogelgesang & Ap-
pelrath, 2016

Interviews

Baier & Mendling, 2013; Benevento et al., 2019; Cal-
vanese et al., 2017; De Alvarenga et al., 2018; De-
okar & Tao, 2020; Dixit et al., 2018; Epure et al.,
2014; Erdem & Demirörs, 2017; Gorissen, 2017; Lee
et al., 2016; Ly et al., 2012; Mahendrawathi et al.,
2017; Pérez-Castillo et al., 2012; Pérez-Castillo et
al., 2011; Sirgmets et al., 2018; Thabet et al., 2018;
Van Eck et al., 2015; Van Eck et al., 2016; Wang et
al., 2014

Workshop
Epure et al., 2015; Kurniati et al., 2019;
Roubtsova & Wiersma, 2018; Sirgmets et al., 2018

Table 7.2: All citations per method category
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Qualitative Quantitative Qualitative & Quantitative Total
Artifact 7 3 5 15
Insights 28 1 2 31
Insights
& artifact

7 2 2 11

Total 42 6 9 57

Table 7.3: Cross-reference results when combining the highest level codes in method (columns)
and goal (row) of evaluation

evaluate process mining findings, and (2) the majority of the projects aim to generate
insights based on their artifacts, i.e. insights evaluation.

To gain a better understanding of the relation between method and goal in the
evaluation of a process mining project, we cross-referenced the higher-level codes. In
Table 7.3 the results are visualized for all 57 studies for which a goal and a method
were defined. What we can see from the table is that most studies use a qualitative
approach (n = 42), especially when the goal is to gain insights (n = 28). Another
apparent trend shows that there are quite some studies that use a mixed-method
approach (n = 9) or have mixed goals (n = 11).

What we can infer from this is that a qualitative approach with the goal of insights
evaluation is most frequently used. Recall that the most frequently used method in
the qualitative approach is an undefined discussion. In addition, note that almost a
third (n = 23) of the original studies (n = 80) are not included in the cross-reference
analysis (n = 57) as they do not define both a goal and a method for their evalua-
tion. Thus, a large portion of studies are lacking a structured method to perform this
insights evaluation. Most existing case studies do not follow specific guidelines to
properly evaluate their findings in a qualitative manner. Thus, we observe that a sys-
tematic approach to these types of evaluations is missing. We observe that individual
studies sometimes use good practices. We believe this requires a look into existing
best practices from the qualitative research literature.

7.4 Proposal
From the literature study, we can conclude that a qualitative approach is often taken,
but a systematic approach for determining the accuracy and meaning of findings is
mostly lacking. In the wider scientific literature, there are many ways in which nor-
mative support is offered to researchers. Such ways of support can be divided into
different layers, which Saunders et al. (2009) illustrate by means of a so-called ‘re-
search onion’. When designing a study, researchers peel off the individual layers one
by one, going from broad research philosophies all the way down to specific data col-
lection and analysis techniques. A process mining study can be designed in a similar
way. Researchers may start by deciding on a broad research paradigm, such as design
science (Hevner et al., 2004), before deciding on particular research methods, such
as a case study. Within such a case study, they may choose specific data collection
techniques such as interviews or focus groups. Up to this point, the literature on eval-
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uation with domain experts in process mining is quite explicit. However, the inner
layers are not as clear. There is little discussion on how data is best collected and
analyzed or how accuracy is ensured. To propose a way to fill this gap, we look into
literature from qualitative research. Based on literature from the qualitative research
field, we propose six validation strategies that should be considered in qualitative
process mining evaluations. Below, we will go into detail for each strategy and reflect
on the extent to which these strategies can be observed in current process mining
practices.

7.4.1 Validation Strategies

Strategy Effect Practical guideline
Engage with the
field of research

An open and honest
evaluation

Carefully select domain experts; include data
quality issues in presentation of the results

Triangulation Completeness and
consistency of the
results

Use multiple quantitative (e.g. simulations)
and qualitative evaluation methods (e.g. in-
terviews)

Peer review or
external audit

Credibility of the
analysis and inter-
pretation

Plan peer reviews to reflect on research de-
sign, approach, and results on a regular basis
and keep notes of these meetings

Refine work hy-
pothesis

Transparency and
soundness of the
results

Keep detailed notes on hypotheses, how they
are tested, and the final results and use these
to guide the evaluation with domain experts

Clarify and nor-
malize bias

Transparency and
reliability of the
results

Discuss different types of biases in the evalua-
tion or limitation section

Perform mem-
ber checking

Credibility of the
results

Ask interviewees to check the correctness and
authenticity of a summarized report of the in-
terview results and interpretation

Table 7.4: All validation strategies, effects, and practical guidelines

In their seminal book on qualitative research methods, the authors discuss valida-
tion strategies (Creswell & Poth, 2016), see Table 7.4. They propose a number of
strategies to perform in qualitative studies: (1) engage with the field of research, (2)
triangulation, (3) peer review or external audit, (4) refine work hypothesis, (5) clarify
bias, (6) perform member checking. These strategies are all potentially relevant for
process mining projects that qualitatively evaluate their findings with domain experts.
In their work, the authors recommend researchers always follow at least two strate-
gies when engaging in qualitative research (Creswell & Poth, 2016). Below, we first
elaborate on each strategy, explaining how they aim to improve qualitative research
in general. Second, we provide guidelines to show how the strategy can be applied
in the context of an evaluation with domain experts in a process mining project.
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Engagement and understanding of the field
This strategy refers to the relation a researcher builds with the study participants,
the understanding the researcher builds of the (organisational) culture, and the
ability of the researcher to spot how misinformation might influence the study
(Creswell & Poth, 2016; Lincoln et al., 1985). In a process mining project, the study
participants are the domain experts involved in the study. Building a trust relationship
with the experts ensures that there is an honest and open evaluation at the end of the
project. Honesty and openness contribute largely to the value generation for both the
research and the organization. Next to that, the researcher gains an understanding of
the culture of the organization to interpret the data correctly. Finally, it is of vital im-
portance that a researcher gets a feeling for where misinformation, such as bad data
quality, can stem from to account for this during the interpretation and generation of
the findings. This prevents the researcher from drawing wrongful conclusions.

A good practice is presented in the process mining literature by Alvarez et al.
(2018). The authors start the qualitative evaluation by presenting the final findings,
assumptions made, and the interpretation of the findings. In light of the strategy of
engagement and understanding of the field, this can be expanded in two ways. First,
to carefully select the domain experts that are involved in the qualitative evaluation.
The domain experts must possess the required knowledge of the project and hold a
central position in the organization to collaboratively interpret the results. Second, to
Standardize and discuss the presentation. Presentations might often be held in process
mining projects, but are rarely discussed explicitly in the research article. As a result,
the content of such presentations can vary widely. Therefore, we propose to explicitly
mention if a presentation is given to domain experts in the evaluation and discuss the
content of the presentation. We propose to include at least three points in the presen-
tation as proposed by Alvarez et al. (2018): (1) final findings, (2) assumptions made,
and (3) interpretation of findings. In addition, we advocate including a fourth part:
discussing data quality issues that arose and were tackled during the project. Making
this an explicit part of the presentation allows for the domain experts attending the
qualitative evaluation to check if all potential data quality issues are addressed, this
is in line with the identification of misinformation as discussed previously.

Triangulation
This strategy refers to the use of multiple data sources to study the research prob-
lem (Creswell & Poth, 2016; Patton, 1999). Ideally, a mixed-methods approach using
qualitative and quantitative techniques is taken to increase the validity of the find-
ings. Another possibility is to use multiple data sources within one type of method.
In our literature study sample, no example could be found that applied the triangu-
lation strategy to one evaluation goal. In one research, the authors apply a mixed-
methods approach, but they do so by applying one method for each goal (Epure et al.,
2014). Their quantitative evaluation describes how a confusion matrix, as proposed
by Provost & Kohavi (1998), is used to measure the performance of the proposed
process mining algorithm. The qualitative evaluation aims to validate the quality
of the recommendations that the algorithm produces through structured interviews.
In order to apply the triangulation strategy in full, the interviews would need to be
complemented with another data source to evaluate the quality of recommendations.
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Peer review or external audit
This strategy refers to reviewing the research process with a reviewer or auditor
(Creswell & Poth, 2016; Miles & Huberman, 1994). The difference between the
peer review and the external audit is the connection to the research. An external au-
ditor cannot have any connection to the research, whereas a peer reviewer can have
some connection to the research. This strategy was proposed by Lincoln et al. (1985)
who describe the reviewer as a ‘devil’s advocate’ that checks with the researcher (in
process mining, process analyst) how the research is performed. The authors stress
the importance of doing these peer reviews on a regular basis during the research
and keeping notes of each meeting. In process mining, this would be a good strategy
to: (1) critically reflect on the research design, (2) ensure the data is handled in a
compliant manner, and (3) offer opportunities to discuss interpretations of results.

In practice, peer-reviewing or external auditing would not be included in an aca-
demic article. As such, it is hard to determine the extent to which this strategy
is already applied in the process mining community. We propose that the content
produced through this strategy can serve as complementary material that should be
provided upon request. The external audit works similarly to a peer review of an
academic article. However, this audit only focuses on the result generation and in-
terpretation. The external auditor is given access to the data and notes, including
the data collected from domain experts. The audit focuses on answering the ques-
tion: are the findings, conclusions, and interpretations, supported by the data? This
is particularly useful when domain experts are involved and data generated by them
is interpreted by the process analyst. Performing such an audit or review increases
the validity of the research as it gives an outsider a chance to check the interpretation
of the process analyst.

Refine work hypothesis
This strategy describes how a researcher can use negative case analysis
(Creswell & Poth, 2016; Lincoln et al., 1985; Patton, 1999). This is an analysis
in which a researcher formulates a hypothesis, and changes it every time a case is
encountered that the hypothesis cannot explain. Keeping detailed notes on each hy-
pothesis, the way it is tested, and the final result increases the transparency and
soundness of the final results, and insights generated. These notes can help guide the
qualitative evaluation in the sense that they can help scope and structure the process
of translating the findings into insights with domain experts.

The cyclical nature of hypothesis refinement is a well-known and established ap-
proach in process mining analysis (see for example (Van Eck et al., 2015)) and in
certain paradigms (see for example (Hevner et al., 2004)). The concept is usually ap-
plied throughout the project. However, to the best of our knowledge, no research has
described how to use it during the qualitative evaluation. This strategy can be applied
to the work of Alvarez et al. (2018). In their work, they define two hypotheses for
the analysis. An additional hypothesis for the qualitative evaluation would be a good
first step to help guide this phase of the project. In addition, transparency into the
evolution of the hypotheses provides valuable insights into the research. It makes the
considerations of the process analyst explicit. This allows domain experts to validate
the process of insight generation that the process analyst has conducted.
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Clarify biases
Furthermore, another strategy describes the standard practice of reflecting on the
possible biases from a qualitative perspective in process mining research. Many biases
can be present in a study, especially when domain experts are involved. One illustra-
tive example is the familiarity of domain experts with process mining (Pérez-Castillo
et al., 2012; Sirgmets et al., 2018; Van Eck et al., 2015). Depending on the goal of
the process mining project, this might influence the qualitative evaluation in differ-
ent ways. For example, in recommendation systems, the experience of the domain
experts influences the quality of the output of an algorithm, a domain expert more
experienced with process mining can better understand recommendations displayed
in a process model, whereas a less experienced domain expert might benefit from
recommendations in text form. We know that the more experienced domain experts
are with process mining, the better they can interpret the models and derive insights.
It should be standard practice to discuss these types of biases in the evaluation or lim-
itations of a process mining project. To exemplify, consider one research that already
does so: "the assessment of this study would probably be carried out through surveys
involving people that possibly do not have the same expertise level about business
process management, which may imply biased results.” (Pérez-Castillo et al., 2012).

Member checking
This strategy originated in studies that use interviews as a data collection technique
(Creswell & Poth, 2016; Lincoln et al., 1985; Stake, 1995). It describes how re-
searchers, after they have interviewed the participants and analyzed the data, return
to the interviewees to confirm that their findings and the interpretation thereof are
credible. Looking at the literature study, we can see that a comparable approach is
partially deployed by some researchers who aim to confirm their findings through in-
terviews. The advantage of introducing member checking as an approach in process
mining is that it introduces rigor by providing a set of guidelines and procedures.
Consider for example a specific member checking technique proposed by Birt et al.
(2016). The authors describe a five-step plan to increase the validity of studies that
use interviews: (1) prepare a synthesized summary of raw data and the interpretation
of the data, (2) formulate criteria to select participants for eligibility for a member
check, (3) send member check data and feedback form, (4) gather response data, and
(5) integrate response data with raw and interpreted data.

We can apply the member checking strategy to the work of Epure et al. (2015).
After the interviews have been conducted and analyzed the process analysts would
return to (a part of) the group of interviewees (i.e. members) and provide them with
a report on their findings of the interview. The members would then be asked to check
the authenticity and their comments can be used as input to check for the validity of
the interpretation of the interview data. The strategy can also be used when focus
groups are used as a data collection technique.

7.5 Conclusion
The involvement of domain experts in process mining projects is essential in trans-
lating results into actionable insights. We performed a systematic literature study of
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recent process mining case studies where domain experts were involved in the evalu-
ation. We found that such evaluations are performed widely, but that there is a lack
of structure in how they are performed. With that in mind, we present six strategies
from the qualitative research field. We show good examples of existing process min-
ing projects where aspects of these strategies are already applied. These six strategies
contribute to the process mining community by offering a set of guidelines to perform
a more rigorous qualitative evaluation of process mining results with domain experts.

The literature study has been performed using an established systematic review
checklist and four researchers were involved in the process. However, the setup may
pose some limitations. First, our sample of papers purely consists of case studies in
which the involvement of a domain expert is mentioned. Although different terms
were used, it excludes studies in which an expert was involved but not mentioned
explicitly. Second, the sample of papers was exclusively drawn from the Scopus
database. Although Scopus has been shown to contain the most relevant process
mining papers, a small number of additional papers may be found in other databases.
Third, the use of our search terms might exclude studies that use case studies but do
not refer to them as such. Last, a large number of studies do not explicitly describe
how they evaluate their findings. As such, we cannot infer anything from their prac-
tices. Explicit reporting on the qualitative evaluation aspects is highly recommended
to increase the transparency, replicability, and validity of a study.

In future work, we want to focus on filling in each layer of research (i.e. from
philosophies to data collection and analysis) as defined by (Saunders et al., 2009)
for qualitative evaluations in process mining projects. The insights on each of these
layers contribute to a more rigorous, and ultimately better, qualitative evaluation of
process mining projects.
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In this chapter, we reflect upon and conclude the work of this dissertation. First, we
reflect on the contributions that were outlined at the start of this dissertation. Then,
we look beyond these contributions to discuss the practical implications of this disser-
tation. After this, our attention turns to a more elaborate visitation of the Challenges
and Open Issues that are posed to the works in this dissertation. Finally, we look to the
future and discuss directions for future development of the work in this dissertation.

8.1 Reflection

Figure 8.1: Overview of the main challenges and contributions

At the start of the dissertation, we defined two main challenges and five main
contributions. In Figure 8.1 we visualize the key challenges and their related
contributions. In this section, we will revisit each contribution and summarize how
they are addressed. Then, we reflect on the contributions by considering their impact
on the existing body of knowledge.

Contribution 1: A process mining technique that uses well-established statistical
mechanisms to detect, analyze, and visualize statistical relations within work
processes.

One of the process mining techniques proposed in this dissertation is the ARE
miner, which is developed in Part 1 (Chapter 2 - 4). The ARE miner contributes to
addressing the challenge of identifying, analyzing, and visualizing statistical relations
in work processes. In Chapter 3 & 4, we propose an algorithm that combines a
number of statistical tests, and a visualization in graphical form of the statistical
relations. The ARE miner is a technique that helps organizations to understand the
impact of their activities on their future activities. The potential dependency relations
analyzed and visualized can inform an organization on how they could optimize a
process to respond in the best way possible.
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Contribution 2: A novel technique to detect, analyze, and visualize statistical
relations between actions and states in a work process.

In Chapter 5 we propose a technique that moves beyond the notion of activities to
states and actions. In the technique, we define a state-action event log, which allows
us to capture information beyond that of an activity. For example, we can study the
state of a patient (e.g. healthy) and how actions influence this state. The technique
is built around a similar set of statistics as the ARE miner, like the Chi-square, and
produces enhanced process models. This extension incorporates the first challenge of
using statistical mechanisms to discover dependency relations in work processes. The
technique proposed in Chapter 5 allows for a broader perspective of what elements a
relation can consist of. While the ARE miner is restricted to analyzing activities; this
extension allows for states and actions, which can both be loosely defined.

Contribution 3: An extension to existing process mining discovery techniques
to help identify confounding variables in processes.

In Chapter 6 we propose an extension that can detect and deal with confounding
variables. Confounding variables are alternative explanations for a potential depen-
dency relation. The ARE miner produces such potential dependency relations. We
take a causal perspective to address the main challenge of discovering statistical
relations in work processes. One of the main concerns, when the term causal relations
is brought up, is: Is there a check for alternative explanations? This extension is
important as it helps to check for alternative explanations. Specifically, it helps to
check if the potential dependency relation discovered by the ARE miner can be better
explained by alternative variables. Once this is checked, the relation is more likely to
be one of a causal nature.

Contribution 4: An overview of current practices in process mining case study
evaluations in which domain experts are involved.

In Chapter 7 we move past the discovery phase of process mining into the
evaluation phase. Here, we perform a literature study to understand how external
experts from organizations (domain experts) are involved in this step of a process
mining project evaluations. Specifically, we are interested in how these evaluations
are performed (method) and what the goal of these evaluations are. To understand
this we studied process mining case studies of the past years. We discover that
most of these studies focus on generating insights, but lack a defined method as to
how they perform the evaluation. These insights help us address the second main
challenge of this dissertation. The second challenge describes how there is a need for
more actionable support for evaluations with domain experts. This chapter helps us
create an understanding of exactly what kind of methodological support is required
in process mining projects.
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Contribution 5: A set of guidelines to support qualitative evaluations in process
mining projects in which domain experts are involved.

Finally, in Chapter 7 we build on the insights generated in contribution 4 to propose
a set of six guidelines to support process mining evaluations. Here, we specifically fo-
cus on the qualitative aspect of the evaluations. The guidelines help address the
second main challenge of this dissertation. This challenge describes the need for ac-
tionable support in process mining evaluations in which domain experts are involved.
Specifically, the guidelines provide actionable support to process analysts as to how
to increase the validity of their evaluation if they include domain experts. In other
words, the guidelines are a first step to help process analysts accurately measure what
they intend to measure in an evaluation with domain experts.

8.2 Practical Implications
This dissertation, in practical terms, can be approached from two perspectives: tech-
nique applicability and aggressive behavior. First, there are implications concerning
the use of the presented techniques when we implement them. Second, in the pre-
sented work the focus of the studies is largely on presenting work where we study
aggressive behavior of clients that are physically and/or mentally challenged.

8.2.1 Insights into the Applicability of the Techniques
In this section, we will reflect on the lessons learned by applying the techniques pre-
sented in this dissertation in real-life scenarios. First, we elaborate on the practical
implications of the notion of statistical relations. Then, we look into the use cases
of the proposed techniques. Finally, we discuss the use of domain knowledge in the
techniques.

Statistical Relations
In this dissertation, we propose new techniques to discover a different type of relation
in work processes. In addition to sequential order relations, we propose to look into
statistical relations, which we refer to as potential dependency relations. The limita-
tion we address is that just looking at frequencies and order in a process does not
always give the insights required by an organization. Especially when there are mo-
ments in the process where an actor or organization can make a choice about which
activity to perform. In such a context it is interesting to gain an understanding of the
impact such a choice has on the outcome of the process. In this section, for readability
purposes, we only refer to activities and outcomes. These concepts can be replaced
with actions and states as well.

What makes the notion of a statistical relation interesting is that both its discovery
and its absence have interesting implications. In the case that a potential depen-
dency pattern is discovered, an organization gets a first understanding of which of its
activities have an impact on the outcome. We refer to the relation as potential, as
we cannot be certain that there is causality. This remains an open issue which we
elaborate on further in Chapter 8.3. What we learned from the application of this
technique in our case studies is that it can be equally interesting the absence of a de-
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pendency relation where one would be expected. For example, you find there is no
dependency relation between a certain activity (e.g. administering medicine) and an
outcome (e.g. patient cured). Finding no relation indicates that this activity has little
to no effect on the outcome. These insights can help organizations think about where
to invest their resources.

Let us return to the scenario where we do discover a potential dependency relation.
Here, the techniques proposed in this dissertation also provide three extra features
that help interpret the relation: direction, strength, and frequency. One of them is
the direction of the discovered potential dependency relation. The direction of the
relation tells us if an activity is more or less likely to lead to a certain outcome. To
exemplify, dependency tells us if applying a treatment (e.g. talking to a client) is
related to future verbal aggression. Direction then tells us how they are related, i.e.
talking to the client leads to more future verbal aggression. This helps organizations
understand how the activity and outcome are related.

Another interesting feature is the strength of the discovered relation. The strength
of a relation describes how large the impact of an activity is on the outcome. The tech-
niques use a three bracket system: small, medium, and large to indicate the strength.
Let us return to the example where the activity is talking to a client and the effect
is future verbal aggression. We learned that talking to a client leads to more future
verbal aggression. Strength tells us this is a strong relation, i.e. it is much more
likely that after talking to a client the client becomes verbally aggressive in the fu-
ture. This helps organizations get a feeling for how powerful the discovered potential
dependency relation and its direction are. Important to note is that all techniques
only return potential dependency relations that are statistically significant. Finally,
the techniques provide a feature similar to that of a traditional discovery technique:
frequency. This helps understand how frequently the activities, actions, or states are
performed or occur. In general, it is interesting because it helps organizations distin-
guish between common and uncommon process variants.

Use Cases
On a domain level, we have focused on the healthcare domain in this dissertation.
We have applied it in two specific contexts, one of aggressive behavior for which
we collected new data through a collaboration with a healthcare organization in the
Netherlands. The other context is one from a public healthcare data-set from the
Technical University of Eindhoven on sepsis (see (Mannhardt & Blinde, 2017) for
more details). Healthcare is an interesting use case for this technique as there is a
large interest in understanding the effect of treatments. In our respective examples,
the effect of the treatment on how to respond to an aggressive incident. In the case
of sepsis, the effect of different decisions in a sepsis process, such as to which ward
a patient is admitted to or which blood tests to perform. Looking beyond the value
the techniques bring to the domain of healthcare, we see a lot of potential to apply
this technique to other domains as well. Examples of other domains include, but are
not limited to: finance, logistic, customer behavior, and marketing. It is important to
note that the applicability of the techniques is not bound to a certain domain. The
applicability of the techniques is bound to a certain type of process. In the rest of this
section, we illustrate how the type of process differs per technique.
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In the ARE miner, we propose a technique that can discover statistical relations in
work processes. The ARE miner takes a specific event log, the ARE log, in which we
define three types of activities: an action, a response, and an effect. For applicability
purposes, it is important to understand that we define the effect to be the next action
for a case. In the context of aggressive behavior, the action is an aggressive incident,
where we specifically look at the type of aggressive behavior. So the effect is the next
aggressive incident of that same client, for which we record the type of aggressive
behavior again. This is interesting as it helps us understand how the response has an
impact on the behavior of the client. However, the ARE miner approach has limits to
what kind of processes we can study. The ARE miner focuses on processes for which
the end and start are similar (i.e. the action (start) and effect (end) are the same
activity). Therefore, the ARE miner cannot look at other process outcomes. Following
up on the aggressive behavior example, the ARE miner does not allow us to study the
well-being of a patient after an aggressive incident.

Therefore, we introduce an extension in Chapter 5 that allows for a more generic
approach to studying potential dependency patterns. By introducing the concepts
of states and actions this approach is more flexible and allows for more types of
processes and their related event logs to be studied. States and actions are fairly
freely defined and can consist of one or many activities or even attributes that can be
used to define them. In Chapter 5 we showcase this, for example, we use the location
of the patient (the ward to which the patient is admitted) as a status of the patient. As
such, we can now study a large variety of process outcomes and the impact of more
process-related elements, rather than just activities, on that outcome. An important
note that we have not addressed is how these actions, responses, effects, actions, and
states are defined. In the next section, we elaborate on this when we discuss the
domain knowledge required by the techniques proposed in this dissertation.

Domain Knowledge
All techniques require some form of domain knowledge. Two ways in which domain
experts help in these techniques stand out: defining input data and evaluating results.
First, this knowledge is required to define the variables, activities, states, and actions.
In this dissertation, we do not provide a fully automated technique in the sense that
it can detect, from raw data, potential variables that can serve as input for the tech-
niques. A domain expert is always involved to help identify potential variables and,
if necessary, help identify categories within the variables. Second, at the end of the
project, a domain expert is often involved to help evaluate and interpret the results.
This is common practice, but it is easy to underestimate the time that is required for
the domain expert to understand the outcomes of these techniques. Not only does
the domain expert need to understand process mining in general, but also the more
technical implications of the statistical results need to be conveyed and discussed.
This last step is vital in helping organizations understand the value of the output of
the techniques. It is also a good moment to reflect and brainstorm on potential ways
to improve a work process that is analyzed.
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8.2.2 Insights into Aggressive Behavior
This dissertation, in practical terms, largely focuses on presenting work where we
study the aggressive behavior of clients that are physically and/or mentally chal-
lenged. Much of this work has been published in more technical outlets, such as
Business Process Management, Process Mining, and Information Systems outlets. As
such, in the publications, we focus on assessing and explaining the performance of
the techniques proposed. As a result, the practical insights that are generated during
these exercises are disseminated throughout the chapters. The goal of this section of
the dissertation is to provide a central point where we revisit, summarize, and reflect
on the most prominent practical findings and insights. In this respect, we put a focus
on the insights related to aggressive behavior. Here, we first discuss insights related
to the client. Then we look at how caretakers can respond to these aggressive actions
of clients. Regarding the responses of caretakers, a detailed overview can be found in
Appendix A. Finally, we reflect on these findings and consider how these insights can
be translated to be used in practice.

Client Action
To understand aggressive behavior, it is important to know that the different types
of outwardly directed aggressive behavior can be ranked according to their general
perceived severity. In that way, from least to most severe, the order is: verbal, physical
aggression towards objects, and physical aggression towards people. In addition,
self-injurious behavior is studied, but that is inwardly directed aggression and thus
it cannot be ranked with the other types of aggression in this way. Finally, in most
techniques, we introduce the aggressive behavior type tau (τ) which indicates that
no new aggressive incident has been observed for the same client within a certain
period (e.g. 14 days). For the healthcare organization, it is interesting to understand
how they can de-escalate the violence of their clients. This means moving towards
tau as much as possible or at least minimizing the number of incidents where there is
physical aggression towards people. It is with this mindset that we study the output
of our techniques and summarize the practical implications below.

In Chapter 2, we take a more client-oriented perspective and we make two impor-
tant observations: (1) we find that clients tend to repeat the same types of behavior,
and (2) we find that aggression towards people is (by far) the most frequently dis-
played type of aggressive behavior by clients. It is interesting to see that clients tend
to repeat the same types of behavior. This poses the challenge of understanding how
we can move clients to deviate from their ’normal‘ behavior. Especially if we take
into consideration the fact that clients mostly tend to display the most severe type of
aggression, the urge to understand and change how they behave becomes larger.

Caretaker Response
Let us adopt the perspective of the caretaker to try to understand how we can ap-
proach the need for a change of aggressive behavior in clients. After all, the goal of
most techniques is to help understand the impact of activities on future activities and
the process as a whole. In the case of aggressive behavior, we are mostly interested
in how the response of a caretaker impacts the behavior of a client. This is also the
activity on which we have the most influence from a practice point of view, we cannot
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Figure 8.2: Overview of caretaker response observations

change the initial action of the client in this model. Important to understand when
we talk about the response of caretakers is that we identified eight types of responses
which can also be ranked from less to more severe: no measure, talk to client, dis-
tract client, terminate contact with client, send client to another room, preventive
measures, held with force, and seclusion (isolation with a locked door). We have not
found insights for all responses, but below we go into detail about a number of them.
A high-level overview can be found in Figure 8.2, and a more detailed overview can
be found in Appendix A.

If we adopt the caretaker response view, we can work from three grand observa-
tions: (1) depending on the action of the client, the same response of the caretaker
may lead to different outcomes, (2) some responses of the caretaker may only be ef-
fective for a certain action of the client, and (3) some responses of the caretaker have
a similar effect regardless of the action of the client.

The first observation is that a response may effective in different ways depending
on the action that preceded it. Most of the practical insights we obtained can be cate-
gorized under this observation. To exemplify, we identified that not taking a measure
as a response has a very different effect after verbal compared to self-injurious behav-
ior incidents. In the case of verbal aggression, not taking a measure is related to a
decreased likelihood that the client will not become aggressive in the future. In other
words, not responding to a verbally aggressive incident escalates future violence. In
contrast, not responding to the incident after a client has shown self-injurious be-
havior leads to an increased likelihood that the client will not become aggressive in
the future. In addition, in the context of self-injury, no response also decreases the
chances of the client becoming aggressive towards another person. Both effects show
that not responding to self-injurious behavior de-escalates future violence. More in-
sights on other responses can be found in Appendix A.

The second observation is that a response may only be effective after a particularly
aggressive action, whereas it is ineffective after other aggressive actions. Consider the
response of a caretaker to talk to a client. In the studies, we find that this response
has an effect when a client has shown self-injurious behavior. In that case, it escalates
violence as it is related to an increased likelihood of future aggression in terms of
physical harm towards another person. However, when a caretaker responded by
talking to a client after an incident of the other types of aggressive behavior, no effect
was found on future aggression.

The third observation is that some responses will have the same effect, regardless
of the preceding aggressive action of the client. We observe this specifically for the
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most severe type of response: seclusion. In short, we find that seclusion always leads
to an escalation of future violence. It is more likely that clients become physically ag-
gressive towards people after a caretaker has secluded them. In addition, it becomes
less likely that the client will not display any type of future aggression.

Translating Findings
A question that might arise after reading these insights might be: what can we do
with them? One promising direction for translating our research findings into prac-
tical relevance is to use the insights as a basis for evidence-based training programs.
These techniques can be used to test and verify potential strategies for dealing with
aggressive behavior. They can show the impact of activities on behavior and help
(new) caretakers understand in which circumstances which responses might be more
or less desirable.

Another way of looking at the translation of findings of this work is to see how the
developed techniques might help discover new insights in the future. To that end, the
publication of Chapter 4 was used as a blueprint to successfully apply to a tech start-
up program. This program is run by UtrechtInc, a startup incubator for the Utrecht
region. Within the program, the ARE miner is used to explore ways to further develop
the techniques and relate them to market needs. The program is a 6-month program
and at the time of writing, the program is still running.

8.3 Challenges and Open Issues
Throughout the dissertation, several challenges and open issues are addressed. In
this section, we focus on one main challenge and one important open issue that de-
serves a more elaborate background than what is provided in the chapters. The main
challenge regards the data requirements for the various techniques. In addition, we
address an important open issue regarding the distinction between potential depen-
dency patterns and causality.

8.3.1 Data Requirements
The main challenge originates from the common use of the same statistical test (Chi-
square) in all techniques. The chi-square tests impose several data requirements to
the data that is used as input. Most notably, the test requires the data to be of the cat-
egorical form. This means that each numerical variable must be adjusted accordingly.
Practically, this means that a variable such as age (let us assume a whole number
between 0 and 120) cannot be used without adjustments. To modify age to fit the
Chi-square test one could, for example, define three categories (e.g. minors (0-18),
adults (19-65), and seniors (66-120)). The categories must be mutually exclusive in
the sense that one data point cannot be in multiple categories.

In addition, the data cannot be repeated measures. Repeated measures are data
for which we register data for the same category at two different periods in time,
usually, we call them a pre-test and post-test. For example, data on a pain score that
is registered before and after treatment cannot be analyzed. The category is the same
(i.e. pain score), only the time point of measurement is different (i.e. before and after
treatment). The chi-square test in this case cannot be used to study the variable pain
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score. Most of these data requirements can be checked by either the person using the
technique or a domain expert. Some other data requirements, such as the size of the
data-set, are automatically checked by the techniques proposed in this chapter, see
Chapter 4.

A final note regarding the data concerns the data distribution. Although the Chi-
square test is a non-parametric test, which means it is quite robust to distributions in
data. Nonetheless, the distribution of data does have an impact on its performance
as we show in the experiments in for example Chapter 4. What is important to note
is that when it comes to the check for confounding variables, the performance of the
technique improves as the data is distributed more equally (see Chapter 6).

This section shows the challenges of the techniques proposed in this dissertation
in terms of data requirements. They stem from the specific requirements related to
the use of the Chi-square test. These requirements need to be kept in mind when
the techniques are used. Keeping the requirements in mind helps to ensure that the
results produced by the techniques are valid.

8.3.2 Causality
Causality is an important topic in terms of the open issues related to the techniques
proposed in this dissertation. There are three important aspects of causality: (1) as-
sociation, (2) temporal order, and (3) alternative explanations (Allen, 2017). The
techniques that are put forward in this thesis can identify potential causal relations.
Below, we delve into the debate surrounding causal relations. As the debate is on-
going, we refer to most discovered relations in this dissertation as potential causal
relations.

The association aspect is addressed by the existing techniques. Specifically, what
the Chi-square and the post-hoc test can determine is if the observed data is signifi-
cantly different from the expected data. This determines that there is an association
between two variables, or, in other words, the two variables are related. Even more
specific, the post-hoc tests show exactly which categorical pairs within both variables
are associated with one another.

Due to the temporal nature of process mining we know the order of events. From
that, we can infer that one variable precedes another variable. Therefore, we approx-
imate adherence to the second aspect of temporal order. The temporal order describes
the arrangement of events in time, i.e. does one activity follow another. Some the-
ories require a more strict definition of temporal order. In that regard, another step
would be to perform a/b testing, i.e. does smoking (A) lead to lung cancer (B) and
does not smoking (not A) lead to the absence of lung cancer (not B)? This can be
done using various theories that differ mainly in terms of strictness. Strictness here
refers to how much counterevidence is needed to dispute the claim. To exemplify,
does one counter-example of not a leading to b suffice to dispute the claim that a and
b are not causally related? The theory of counterfactual conditional would argue so
(Lewis, 1979). This theory supposes that smoking and lung cancer are not causally
dependent, we can find examples of people that smoke but do not have lung can-
cer. Therefore, the theory of probabilistic causation adjusts for this by introducing
the concept of likelihood rather than determinism (Pearl et al., 2000). Many theories
address the concept of causality, each setting out its requirements for proof.
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The final aspect of causality describes the possibilities of alternative explanations.
An alternative explanation here means that a variable can explain the effect better
than the cause variable. There are several ways to test for alternative explanations.
One important approach is discussed in Chapter 6 where we try to identify and pro-
pose ways to deal with confounding variables. Confounding variables are variables
that provide an alternative explanation that explains the discovered relation better.
However, there is always a danger that the data for such a confounding variable is
not captured in a data set. Especially in the settings of our case studies, this poses a
real threat.

In conclusion, the techniques in this dissertation adhere to the three aspects of
causality if interpreted in a not overly strict way. Once a stricter definition of the
terms is adopted, the techniques have their limitations. As such, in this dissertation,
we cannot prove causality in the ultimate sense with the proposed techniques. Thus,
the term potential causal relations is used throughout the dissertation.

8.4 Future Work
The work in this dissertation can be built upon in two main ways: (1) technical
work and (2) practical work. We see a lot of potential for pursuing the work in
more technical terms. Based on the limitations addressed in the chapters, the main
challenge, and the open issue discussed above, we can infer some of the directions for
the future work of this dissertation. Specifically in terms of causality, generalizability,
and understandability. Next to that, the work can be extended in a more practical way.
Here, valorization is the main focus on how to develop the work of this dissertation
further.

8.4.1 Technical Work
The most fruitful direction for future work in terms of the techniques is to pursue the
line of causality. Ideally, future work pushes the boundaries of translating the findings
of this technique to fit the more strict interpretation of causal relations. In an ideal
scenario, we would also be able to indicate how certain it is that the relation discov-
ered is causal. In terms of association, the common practice is to report significance
values. An interesting idea would be to try and present an enhanced significance
score that weighs in the other two aspects of temporal order and alternative expla-
nations. Working on causality can be extremely valuable as it provides organizations
with even more actionable insights to help improve their work processes. The en-
hanced significance score could help rank the improvement opportunities as it would
indicate which improvements have the highest likelihood of having a real effect.

Next to that, building on the presented work in terms of generalizability is promising
and exciting. Working outside the healthcare sector can be extremely interesting and
present new and unexpected challenges. As we point out in Chapter 1, there are many
more domains that could benefit from the techniques presented in this dissertation.
We specifically see opportunities for applications in finance, customer service, and
supply chain management. In these sectors, there is often a choice between activities
and the impact is immediate. For example, in customer service, various strategies
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can be used to handle incoming complaints. Understanding what the impact of each
strategy is on the satisfaction of the customer is extremely valuable for organizations.

Future work can also focus on evaluating the proposed guidelines for qualitative
evaluations. These have proven to work in other fields of study, mostly social science-
related. However, the understandability of these guidelines in a process mining con-
text is yet to be proven. Especially interesting is to focus on the degree to which
these guidelines should be specified in detail or if a more open framework would
aid researchers and practitioners as well. Next to that, identifying specific best prac-
tices from already conducted process mining projects might help make concrete what
specific actions can be performed to better perform the evaluations.

8.4.2 Practical Work
The most promising direction for valorization would be to develop the techniques in
such a way that they are proven to generate value for organizations. One way of doing
this is by developing it in such a way that the technique becomes an extra tool in a
process mining toolbox. In that way, process analysts can use it to further enhance
their analysis when performing a process mining project within an organization. For
this, it is important that the techniques are developed in a more user-friendly manner.
As they are now, the techniques are accessible to a small, technical, audience. To
make them more accessible, more intuitive interaction with the techniques needs to
be facilitated. This can be done in several ways. One fruitful way of development
is to enhance the output of the techniques by creating interactive graphs. Another,
more generic, approach is to convert the techniques to a plug-in for existing process
mining tools.

In this dissertation, we set out to help both organizations and process mining re-
searchers. On the one hand, we hope to help organizations understand the impact of
their activities to become more efficient and deal with the challenges they are faced
with. On the other hand, we hope to aid process mining analysts in performing valid
evaluations at the end of their projects. However, the research work is never finished,
it will remain a Work in Process. In the meantime, it is my hope that this dissertation
has a positive, however small, impact both on the research as well as the organiza-
tional community.
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APPENDIX A

Insights into Responses to
Aggressive Behavior

Below, we present a detailed summary of the insights we have gathered throughout
the various studies on aggressive behavior. We do this in three: Figure A.1, A.2,
and A.3. We expand on the higher-level overview presented in Chapter 8 in two
ways. First, we add the specific observations per caretaker response. In total, we have
eleven observations for six out of the eight responses we studied. Second, in Chapter
6 we go into detail about possible confounding variables. The technique proposed
in that work is also evaluated using the aggressive behavior data. For some of the
relations that are defined in the three observations above we checked if they held if
we differentiated between mild and severe incidents in terms of the perceived severity
score of a caretaker. One can imagine that the perceived severity of an incident
influences how effective the response of a caretaker is. The reasoning here is that
the more severe an incident is, the less it might matter how a caretaker responds. In
Figure 8.2 we mark the relations we checked with an asterisk (*). In the detailed
explanation, behind the asterisk mark, we explain how the severity score impacts the
relation.
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Figure A.1: Specific observations regarding the responses of caretaker that have a different
effect depending on the preceding action
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Figure A.2: Specific observations regarding the responses of caretaker that are only effective
after a certain action

Figure A.3: Specific observations regarding the responses of caretaker that have the same effect
regardless of the preceding action
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Summary

Organizations strive to understand and optimize how they achieve their organiza-
tional goals. To do this, organizations increasingly record data on the activities that
are performed. Taking a work process lens, one can study how organizational ac-
tivities are organized in work processes. Process mining is a field of research that
discovers, analyzes, and improves work processes. This dissertation contributes to
the field of process mining in two ways: 1) by presenting new ways of discovering
and analyzing work processes, and 2) by formulating guidelines to support qualitative
evaluations.

First, traditional process mining techniques use a control-flow perspective, meaning
they consider the order of activities. This helps inform organizations what activities
are performed and when. In this dissertation, we propose several techniques that
use a causal perspective. These techniques help understand the impact of activities
on future work processes and ultimately can help inform organizations about how to
achieve their goals.

Second, this dissertation adds value by providing support for qualitative evalua-
tions of process mining projects. Organizational experts are often involved in process
mining projects, especially during the evaluation of results. In this dissertation, we
propose a set of guidelines that help improve the validity of qualitative evaluation
results if domain experts are involved in the evaluation process.





Samenvatting

Organisaties streven ernaar om de manier waarop ze doelen bereiken te begrijpen
en te optimaliseren. In dit kader wordt er steeds meer data verzameld over de ac-
tiviteiten binnen organisaties. Door een werkproces lens kan men bestuderen hoe
verschillende activiteiten in een organisatie zich samen vormen tot een werkproces.
Process Mining is een onderzoeksveld dat zich richt op het ontdekken, analyseren en
verbeteren van werkprocessen. Dit proefschrift draagt op twee manieren bij aan het
veld van process mining: 1) door nieuwe technieken te presenteren om werkprocessen
te ontdekken en analyseren en 2) door richtlijnen te presenteren om kwalitatieve
evaluaties van process mining projecten te ondersteunen.

Ten eerste, traditionele process mining technieken gebruiken een control-flow per-
spectief. Hierin wordt gekeken naar de volgorde van de activiteiten. Dit perspectief
helpt organisaties om te ontdekken welke activiteiten wanneer plaatsvinden. In dit
proefschrift presenteren we een aantal technieken die vanuit een causaal perspec-
tief kijken naar werkprocessen. Deze technieken geven inzicht in de impact die ac-
tiviteiten hebben op toekomstige werkactiviteiten en -processen. Deze technieken
informeren organisaties over hoe ze hun doelen beter kunnen bereiken.

Ten tweede, draagt dit proefschrift bij door het verschaffen van ondersteuning voor
het uitvoeren van kwalitatieve evaluaties tijdens process mining projecten. Organ-
isatie experts zijn vaak betrokken bij evaluaties in process mining projecten. In dit
proefschrift presenteren we een reeks richtlijnen die bijdragen aan het verbeteren
van de validiteit van kwalitatieve evaluaties in process mining projecten waarin een
externe expert is betrokken.
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