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Abstract

Process mining is a discipline that enables organizations to visualize, analyze,
and improve their work processes. To leverage process mining capabilities,
an organization first needs to prepare and extract its data in a specific format,
the event log. An example of the work involved in event log extraction is the
definition of the data sources from which the data will be extracted. Various
methodologies and techniques to apply process mining in organizations have
been developed, particularly regarding process discovery and analysis. After
insights are acquired through these techniques, an organization needs to work
towards translating the acquired insights into actual process improvements.
However, these methodologies do not provide support in this last, but not
least, step. What remains unclear is the work that it takes to go from data
within the organization, i.e., before a process mining initiative can start, to
process improvements, i.e., translating the results of the initiative into action.

Therefore, we study the following main research question:
How effective is process mining in supporting organizations?

We answer this research question in two parts: the alpha (a) and omega (w) of
process mining. In part a, we systematically identify the variety of manual
tasks still involved in event log extraction. We provide a view on the work
that it takes to go from data generated by information systems into an event
log, to enable process discovery and analysis. After an event log is generated,
process mining tools and techniques for process discovery and analysis can be
used to acquire insights about the work processes of the organization under
scrutiny.

In part w, we study the diverse space of actions and objects of actions (e.g.,
update document, increase resource, conduct root-cause analysis, etc.) trig-

gered by process mining insights. This provides a view on the work that



it takes to go from the acquired insights to actual process improvements.
Moreover, we unveil challenges and specific causes that hinder organizations
in effectively adopting process mining to improve their work processes.

Combined, our findings provide researchers and practitioners in the process
mining field with a knowledge base to (1) understand the variety of work
required for carrying out a process mining initiative and (2) proactively counter
challenges that may arise during the course of the initiative.



Samenvatting

Process mining stelt organisaties in staat om hun werkprocessen te visualis-
eren, analyseren en verbeteren. Om dit te kunnen realiseren moet een organisie
eerst haar informatiesystemen en bijbehorende databronnen geschikt maken,
om vervolgens de data te kunnen extraheren in een specifiek formaat voor
process mining: het event log. Om een voorbeeld te geven, een organisatie
moet eerst de databronnen definiéren, voordat extractie plaats kan vinden.
In de afgelopen jaren zijn verschillende methoden en technieken ontwikkeld
om process mining toe te passen. Deze methoden richten zich echter vooral
op process mining zelf: het ontdekken van processen en het uitvoeren van
procesanalyses. Hoe de resultaten ingezet binnen een organisatie moeten
worden om tot verbeterprocessen te komen, is een essentiéle stap die in deze
methoden weinig tot geen aandacht krijgen.

Tot nu toe is het niet duidelijk hoeveel tijd en werk het kost om van databron-
nen tot procesverbeteringen te komen. Met andere woorden, het is niet bekend
wat er allemaal bij komt kijken om een process mining-initatief te starten, noch
wat er gedaan moet worden om inzichten te vertalen naar verbeterstappen.

Daarom bestuderen we in deze dissertatie de volgende onderzoeksvraag:
Hoe effectief is process mining in het ondersteunen van organisaties?

We beantwoorden deze vraag in twee delen: de alfa (a) en omega (w) van
process mining. In deel a identificeren we systematisch de verscheidenheid
aan handmatige taken die nodig zijn om event logs te kunnen extraheren.
We tonen de stappen die nodig zijn om data, die vaak door verschillende
informatiesystemen gegenereerd worden, te transformeren in een event log om
process mining mogelijk te maken en de werkprocessen van de onderzochte
organisatie inzichtelijk te maken.

In deel w bestuderen we in hoeverre inzichten verkregen door process mining



worden opgepakt en leiden tot mogelijke verbeteringen, zoals het bijwerken
van documenten, het vergroten van middelen, het uitvoeren van analyses van
de hoofdoorzaken, etc. Dit onderzoek geeft inzicht in het werk dat nodig is om
van verworven inzichten naar daadwerkelijke procesverbeteringen te komen.
Bovendien identificeren we uitdagingen en belemmeringen die organisaties
ervaren bij het effectief adopteren van process mining-technieken om hun
werkprocessen te verbeteren.

De uitkomsten van deze dissertatie bieden onderzoekers in en gebruikers
van process mining een basis om (1) de verscheidenheid aan werkzaamheden
te begrijpen die nodig zijn voor het uitvoeren van een process mining-initiatief
en (2) om proactief potentiéle problemen die tijdens een process mining-
initiatief kunnen ontstaan het hoofd te bieden of zelfs kunnen voorkomen om

zo process mining effectiever te kunnen inzetten.
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Chapter

1 Introduction

Organizations typically have various information systems with different data
sources. These systems support a variety of organizational processes. To
differentiate themselves from their competitors, in terms of quality and speed
of delivery of their service or product, organizations need to continuously
improve their processes [36].

Process mining is a discipline that supports organizations in using their own
data to extract insights about their work processes. The ultimate objective
is to use these insights for process improvement [107, 133]. Process mining
requires a so-called event log as input. Among others, such an event log
enables organizations to create a process model of a considered work process
and conduct process analysis. By using process mining, organizations can
identify conformance indicators and answer different questions about their
work processes [110]. Many different discovery and analysis techniques have
been proposed, along with dedicated process mining methodologies for how
to systematically obtain relevant insights using these discovery and analysis
techniques [16, 138]. These methodologies typically focus on applying process
mining techniques on a given event log and on reporting the insights for pro-
cess improvement. Although these methodologies highlight the importance of
progressing the acquired insights into process improvement, they nonetheless
consider this is an aspect out of scope.

While there is evidence that process mining can support organizations to
improve their processes [9, 67], there is also evidence indicating otherwise [86].
A variety of studies have investigated the application of process mining and
associated challenges [37, 89, 149]. For example, in [149], the authors identified
a set of challenges regarding process mining analysis, highlighting the need

for enhanced support for acquiring process mining insights. While in [37], the
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authors focused on the link between process mining and process improvement
by investigating how process mining can support improving process awareness
in organizations. What remains an open question is how effective is process
mining in supporting organizations?

Recognizing this, we need to understand the pipeline that leads from data
within the organization to process improvements for the organization. If we
understand this pipeline, its associated tasks and challenges, we can study the
effectiveness of process mining techniques and tools. In this thesis, we want
to study how organizations apply this pipeline to understand its effectiveness.
We first explore the characteristics of such a process mining pipeline. Next,
we present the research questions and research methods used to guide and
structure the research conducted in this thesis. Then, we provide a reflection
on the research contributions and a list of publications that have been used as

a foundation for this thesis. Finally, we delineate the thesis outline.

Process Mining Pipeline

Typically, in applying process mining, three major stages can be distinguished.
These are as highlighted in Figure 1.1. The first stage, which we refer to
as the alpha (a) of process mining, concerns event log extraction. Once the
event log is obtained, the second stage, the actual application of process mining
starts. The third and last stage, which we refer to as the omega (w) of process
mining, concerns to progressing the insights obtained from process mining results
into process improvements. Many studies explore methods and techniques for

process discovery and analysis, i.e., they consider the a and w of process

Part Part
From Data From Insight
to Event Log to Improvement
Process Improved
Data | EventLog [ IEI{0Y:) g Insight pIPocess

and analysis

Figure 1.1: Overview of the pipeline from data to process improvement. Highlighted are the
aspects we focus on this thesis.
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mining as black boxes or out of scope. In this thesis, we turn it around: we
focus on parts a and w, and consider the application of process mining as a
black box.

In Part a of this thesis, we turn the spotlight on the stage before process
discovery and analysis techniques can be used: based on data generated by
information systems, an organization needs to identify, extract, and make
sense of event data in order to generate an event log. This involves different
tasks, as we unveil in this thesis, and is time-consuming. After an event
log is generated, widely available process mining tools and techniques for
process discovery and analysis can be used to acquire insights about the work
processes of the organization under scrutiny.

In Part w of this thesis, we illuminate the stage after process discovery and
analysis techniques are used: different insights can be unveiled based on pro-
cess discovery and analysis and are expected to trigger process improvement

initiatives, which is not always the case, as we show in this work.

1.2 Research Questions

Based on the introduction of this thesis, we derived the following main

research question:
MRQ. How effective is process mining in supporting organizations?

Process mining supports organizations throughout the entire span of the
process discovery and analysis endeavor, including before it starts, during its
execution, and after it ends. Most process mining methods and techniques
do not focus on extracting an event log (before) or checking whether the
derived process mining insights lead to improvement (after). Thus, next, we
present the questions we derived based on our main research question to
better understand the work involved before and after process discovery and

analysis occur.

Part a: to understand how effective process mining can be in the stage before
process discovery and analysis, we need to understand the different work
involved in event log extraction. Specifically, our focus is on the manual
tasks involved. With this understanding, we can identify the potential for

(semi-)automation of manual tasks, which could ultimately reduce the time
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and costs of an event log extraction. To do so, we derived the following two

sub-research questions.

RQ1. What are the specific manual tasks that humans perform in the

context of event log extraction?

RQ2. How to link a reference model and the underlying database to

support the event log extraction?

Part w: to understand how effective process mining can be in the stage
after process discovery and analysis, we need to understand the work that
is triggered by process mining insights. Specifically, we focus on triggered
actions and its objects of action (e.g., update document, increase resource,
conduct root-cause analysis, etc.). Also, we need to understand to which
extent the triggered actions are recommended and performed. Thus, we can
identify specific causes that lead to recommended actions not being performed
and challenges involved in progressing process mining insights into process
improvement. To do so, we derived the following three sub-research questions.

RQ3. What are the actions organizations can take towards process improve-

ment?
RQ4. To what extent are recommended actions also performed?

RQ5. Which challenges do organizations face when translating process

mining insights into process improvements?

1.3 Research Methods

In this thesis, we have used different qualitative research methods to gather
and analyze data from both literature and practitioners in the field of pro-
cess mining. In Table 1.1, we present an overview of the research methods
employed in each chapter of this thesis along with a link to the research
questions they address. Specifically, to address RQ1, we conducted a first
systematic literature review (SLR’), which is reported in Chapter 2. To support
answering RQ2, we conducted a first exploratory literature review (ELR’),
reported in Chapter 3. For RQ3 and RQ4, we performed a second systematic



1.4 Contributions 5

literature review (SLR”), with insights reported in Chapters 4 and 5. Addition-
ally, to support answering both RQ4 and RQ5, we conducted semi-structured
interviews (I’), with results discussed in Chapters 5 and 6. To further support
answering RQ5, we performed a second exploratory literature review (ELR"),
also outlined in Chapter 6. Across all Chapters, we used qualitative coding
to systematically analyze and interpret data, which allowed us to identify

underlying patterns that contributed to answering our research questions.

Table 1.1: Research methods and questions mapping to the thesis chapters.

Research Research method
Chapter . . . L . .
questions Literature review Qualitative coding Interview
2 RQ1 v SLR v
3 RQ2 v ELK v
4 RQ3 v SLR v
5 RQ4 v SLRY v v I
6 RQ5 v ELR v v I

14 Contributions

Our contributions can be organized into two main categories:

¢ the understanding and classification of the work involved in extracting

event logs;

¢ the understanding and classification of the work involved in translating

process mining insights into process improvement.

Next, we present our contributions in more detail.

Understanding and classification of the work involved in extracting event
logs. Combining a structured literature review with qualitative data coding,
we derived a taxonomy of manual tasks in event log extraction. With this taxonomy,
we classified the main manual tasks that we have identified in event log
extraction, answering RQ1. In addition, we proposed a first step towards

identifying a set of potential mappings between process model activities and database
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tables, answering RQ2. With this approach, we believe, we can reduce the
burden of the process analyst during the extraction of an event log, saving a
considerable amount of manual work.

Our taxonomy can serve as input for future automation efforts and the
enhancement of process mining methodologies, providing a comprehensive
overview of human involvement in the event log extraction phase of process
mining initiatives. In addition, this understanding can serve as a basis for
future research on human-computer interaction aiming at designing more
user-friendly event log extraction and process mining applications.

Our mapping approach of relational database and process model can po-
tentially reduce the manual effort and technical expertise required to map
database tables to process model activities. This approach can lead to more
accessible and scalable process mining projects across different domains and
organization sizes. In addition to that, it can serve as inspiration for future
research exploring automation techniques in event log extraction in the context
of process mining. We believe this work encourages further development
of methodologies for (semi-)automated event log extraction and, potentially,

advancing the integration of process mining with other information systems.

Understanding and classification of the work involved in translating process
mining insights into process improvement. Once an event log is available,
an organization can conduct process discovery and analysis. These tasks
usually are performed with the intention of deriving insights for process
improvement. In this context, we provided a classification of the intervention
space of actions triggered by process mining insights, answering RQ3, and
an understanding of the challenges to translate process mining insights into
process improvement, answering RQ5. Based on these challenges, we derived
a set of recommendations for process mining practitioners to consider when
starting a process mining initiative. Finally, we also identified a set of specific
causes why process mining initiatives are halted, answering RQ4. Thus, we
believe the contributions of this thesis can serve as a basis for the enhancement
of process mining methodologies to support both practitioners and researchers
in process mining initiatives.

Our overview of the recommended and performed actions triggered by

process mining insights can serve as basis to inform future research and prac-
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titioners. It can support new process mining initiatives by creating awareness
about the work required after process mining insight have been acquired. We
provide material for organizations to understand how diverse are the actions
they may need to take based on process mining insights. This understanding
of the different actions that can potentially be triggered by process mining
insights is a first step towards bridging the gap between process analysis and
process improvement implementation. In addition, such understanding also
serves as a basis to, for example, strengthen the link between process mining
and business process management in future research. Moreover, we identify
gaps in the literature regarding the translation of process mining insights into
process improvement, unveiling further areas for future research.

Our recommendations to overcome challenges in translating process mining
insights into process improvements can serve as guidance to help organizations
realizing tangible benefits from their process mining initiatives. Moreover,
we also highlight the need for a deeper understanding of the organizational
factors that influence the success of process improvement projects in the
context of process mining. Moreover, we uncovered five key specific causes
of why organizations fail to execute recommended actions towards process
improvement. These findings can serve both researchers and practitioners in
developing strategies to address and mitigate the occurrence of these causes,
thus improving the likelihood of process mining insights being translated into
process improvement.

Thus, we believe that our work can serve as a basis for a view of process
improvement triggered by process mining insights that include not only tech-
nological but also organizational, managerial, and human factors, therefore
promoting interdisciplinary research to address the different challenges related

to each of these dimensions in the future.

(W3 Publications

This thesis builds upon a number of research outcomes published in peer-
reviewed venues. Each work contributes to understanding either the effort to
extract event logs or the effort to translate process mining insights into process

improvement.
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* [119] V. Stein Dani, H. Leopold, J. M. E. M. van der Werf, X. Lu, L
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Reijers. Supporting Event Log Extraction based on Matching. In Interna-
tional Conference on Business Process Management Workshops (BPM
Workshops), 2022.

¢ [120] V. Stein Dani, H. Leopold, J. M. E. M. van der Werf, 1. Beerepoot, and
H. A. Reijers. From Process Mining Insights to Process Improvement: All Talk
and No Action? In International Conference on Cooperative Information
Systems (CooplS), 2023.

¢ [121] V. Stein Dani, H. Leopold, J. M. E. M. van der Werf, and H. A.
Reijers. Progressing from Process Mining Insights to Process Improvement:
Challenges and Recommendations. In International Conference on Enterprise
Design, Operations, and Computing (EDOC), 2023.

® [123] V. Stein Dani, H. Leopold, J. M. E. M. van der Werf, 1. Beerepoot,
and H. A. Reijers [Accepted]. From Loss of Interest to Denial: A Study on
the Terminators of Process Mining Initiatives. In International Conference on
Advanced Information Systems Engineering (CAiSE), 2024.

Other publications yet not included in this thesis are enlisted next.

* [116] V. Stein Dani. Event Log Extraction: How to Minimize the Effort of
the Human-in-the-Loop? (Extended Abstract). In International Conference
on Process Mining Doctoral Consortium and Tool Demonstration Track
(ICPM Doctoral Consortium), 2020.

e [117] V. Stein Dani, M. ER, J. J. Koorn, J. M. E. M. van der Werf, H.
Leopold, and H. A. Reijers. Pair Modeling: Does One Plus One Add Up? In
International Conference on Business Process Management Workshops
(BPM Workshops), 2021.

¢ [70] J. J. Koorn, L. Beerepoot, V. Stein Dani, X. Lu, I. van de Weerd, H.
Leopold, and H. A. Reijers. Bringing Rigor to the Qualitative Evaluation



1.6 Thesis Outline 9

of Process Mining Findings: An Analysis and a Proposal. In International
Conference Process Mining (ICPM), 2021.

* [27] J. V. de Camargo, N. M. Bohnenberger, V. Stein Dani, J. P. M. de
Oliveira, E. Sosa, G. Polanci¢, and L. H. Thom. A Complementary Analysis
of the Behavior of BPMN Tools Regarding Process Modeling Problems. In
Enterprise, Business-Process and Information Systems Modeling Working
Conference (BPMDS), 2022.

e [118] V. Stein Dani, C. M. dal S. Freitas, and L. H. Thom. Recommendations
for visual feedback about problems within BPMN process models. Software and
Systems Modeling, Volume 21, 2022.
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(W3 Thesis Outline

Figure 1.2 depicts the outline of this thesis structure. In part a, we focus on
event log extraction; while in part w, we focus on progressing from process

mining insights to process improvement.

Part Part
From Data From Insight
to Event log to Improvement
Chapter 2: @ Process @
. : Chapter 4:
Towards Understanding discovery .
the Role of the Human and analysis All Talk and No Action?
Chapter 3: @ Chapter 5: @
Supporting Event Log A Study on the Terminators of
Extraction Based on Matching Process Mining Initiatives
Chapter 6: @
Challenges and
Recommendations

Figure 1.2: Overview of this thesis outline.
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Part a: From Data to Event Log

¢ Chapter 2: Towards Understanding the Role of the Human. In this
chapter, we answer RQ1. To do so, we develop an understanding of
how humans are involved in event log extraction. Based on a structured
literature review and qualitative data coding, we derive a taxonomy
of human tasks in event log extraction. This taxonomy can serve as
input for both future automation efforts, as well as for process mining
methodologies.

¢ Chapter 3: Supporting Event Log Extraction Based on Matching. In this
chapter, we answer RQ2. To do so, we take a novel angle at supporting
event log extraction. The core idea presented in this chapter is to use an
existing process model as a starting point and automatically identify to
which database tables the activities of the considered process model relate
to. Based on the resulting mapping, an event log can then be extracted in
an automated fashion. In this chapter, we define a first approach that is

able to identify such a mapping between a process model and a database.

Part w: From Insights to Improvement

¢ Chapter 4: All Talk and No Action? In this chapter, we answer RQ3. To
do so, we investigate which types of actions have been taken in existing
studies and to which insights these actions are linked. Our findings show
that a large variety of actions exists. Many of these actions relate to
changes to the investigated process and also to the associated information
systems, the process documentation, the communication between staff
members, and personnel training. Understanding the diversity of the
actions triggered by process mining insights is important to instigate
future research on the different aspects of translating process mining

insights into process improvement.

¢ Chapter 5: A Study on the Terminators of Process Mining Initiatives In
this chapter, we answer RQ4. To do so, we combine a systematic literature
review with semi-structured interviews of process mining experts to de-
velop a better understanding of the extent to which recommended actions

are actually performed, as well as the causes hampering the progress
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from recommended to performed actions. Based on our analysis, we
discover specific causes why organizations do not perform recommended
actions. These findings are crucial for both researchers and organizations

to develop measures to anticipate and mitigate these causes.

¢ Chapter 6: Challenges and Recommendations In this last chapter, we
answer RQ5. To do so, we explore the challenges involved in progress-
ing process mining insights into process improvement. By conducting a
qualitative study based on semi-structured interviews, we identify seven
challenges pertaining to translating process mining insights into process
improvements. Furthermore, we provide five specific recommendations
for practitioners and stakeholders that should be considered before start-
ing a new process mining initiative. By doing so, we aim to close the gap
between insights and action and help organizations use process mining

to realize process improvements effectively.
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Abstract

Process mining is widely used to visualize, analyze, and improve busi-
ness processes. However, often its application is hindered by the consid-
erable preparation effort that needs to be conducted by humans. One of
the key tasks required in this context is obtaining the input artifact for
process mining techniques: the event log. The data that is required for
building such an event log typically needs to be collected from several
databases and then transformed into a suitable format. While it has
become clear to both academics and practitioners that the amount of
human work is substantial, there is no deep understanding of the exact
activities humans need to perform. Therefore, we use this paper to de-
velop a precise understanding of how humans are involved in event log
extraction. Based on a structured literature review and qualitative data
coding, we derive a taxonomy of human tasks in event log extraction.
This taxonomy can serve as input for both future automation efforts, as

well as for process mining methodologies.

Published in V. Stein Dani, H. Leopold, J. M. E. M. van der Werf, X. Lu, I. Beerepoot, J. ]. Koorn, and H. A.
Reijers. Towards understanding the role of the human in event log extraction. In International Conference on
Business Process Management Workshops (BPM Workshops), 2022 [119]
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Introduction

Many organizations use process mining techniques to visualize, analyze, and
improve their business processes. Among others, process mining has been
applied in auditing [61], production planning [40], and in the healthcare
domain [110]. While process mining has been shown to come with many ben-
efits [51], its application is still often hindered by the considerable preparation
effort that needs to be conducted by humans [34]. One of the key challenges
in this context is to obtain the input artifact for process mining techniques, the
so-called event log.

Depending on the specific IT landscape, the data that is required for building
an event log must be collected and extracted from several databases and then
transformed into an appropriate format that can be processed by available
process mining tools. While a variety of automated techniques have been
proposed to support organizations in obtaining event logs (e.g., [20, 29, 95]),
human support is still required at several stages. Unfortunately, there is
currently no deep understanding of the exact activities humans are performing
in this context. While this may seem surprising, this can be explained by the
fact that available techniques for event log extraction often focus on rather
isolated technical aspects and not on the full range of tasks that are required
in a practical setting.

Recognizing that the human involvement in event log extraction comes with
considerable time and cost, we set out to develop a precise understanding of
how humans are involved in the context of event log extraction. We believe
that such an understanding is vital input for both future automation efforts as
well as for process mining methodologies. Therefore, the research question of
this paper is “What are the specific manual tasks that humans perform in the context
of event log extraction?". To answer our research question, we first conduct a
structured literature review targeting process mining case studies. Based on
qualitative data coding, we then use the identified papers to derive a taxonomy
of human tasks in event log extraction.

The remainder of the paper is organized as follows. Section 2.2 discusses
the background of this paper. Section 2.3 describes our research method.
Section 2.4 presents our taxonomy of manual tasks in even log extraction.

Section 2.5 reflects on the implications and limitations before Section 2.6
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No. Case identifier Event Timestamp

1 123 Receive order 2021-05-11 11:35
2 123 Collect order items 2021-05-11 12:41
3 234 Receive order 2021-05-12 09:03
4 123 Send invoice 2021-05-12 13:49
5 234 Collect order items 2021-05-12 17:12
6 123 Ship order 2021-05-13 08:54

Table 2.1: Excerpt from an event log of an ordering process.

concludes the paper.

Background

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 [135]. Such event logs can be obtained from various IT
systems and provide insights into how organizational processes are executed.
Table 2.1 shows an excerpt of a simple event log of an ordering process. It
shows that each entry of an event log must have at least three attributes: a
case identifier, an event, and a timestamp. The event column reveals what
happened. The timestamp column shows when the event occurred. The case
identifier relates each event to a particular process execution, often referred to
as case. In the example, we only observe two different cases (123 and 234).

Event logs like the one from Table 2.1 are a prerequisite for any available
process mining technique. The process of obtaining event logs is called event
log extraction. It is a complex and time-intensive process, which requires
human involvement at several stages. The data required for constructing an
event log often resides in a variety of sources. One of the main challenges
is that many information systems are not process-centric and, therefore, do
not record events or case identifiers explicitly. This means that we may need
to identify and extract event data from a variety of different databases and
transform them to a process-centric event log [34].

To provide automated support for this endeavor, many automated tech-
niques have been developed. Recognizing the large variety of potential data
sources and requirements in practice, available techniques differ consider-

ably with respect to required inputs, their output, and also their limitations.
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Among others, there are extraction techniques that build on ontologies [20],
redo logs [29], and database objects [95]. All these techniques require human
intervention or input at some stage. Unfortunately, the exact role of the human
is not always clear. Since many of these techniques address rather specific
problems of event log extraction, the required human involvement can often
only be understood when these techniques are applied in practice.

Given that the human involvement in event log extraction is both time and
cost-intensive, we use this paper to develop a precise understanding of the
respective human tasks. We argue that such an understanding is a prerequisite
for further automation efforts, as well as for developing process mining
methodologies. Therefore, we define our research question as: “What are the
specific manual tasks that humans perform in the context of event log extraction?".

2.3 Research Method

To answer our research question, we followed a two-step approach. We first
conducted a structured literature review. Based on the result, we then derived
a taxonomy of human tasks via qualitative data coding. In the sections 2.3.1
and 2.3.2, we describe both steps in detail.

Literature Study

To identify which manual tasks have been performed in the context of event
log extraction, we decided to focus on papers conducting case studies in
process mining projects. In Scopus, we used the search string: (“process
mining” AND “case stud*”). We included peer-reviewed papers that were
published in journals or conferences between 2000 and 2020. Next, we filtered
out duplicate papers, papers that were not in English, and papers that merely
mentioned process mining. The search resulted in 191 papers. We identified
papers that could contain tasks related to event log extraction by making
a first read of the papers. This resulted in a set of 120 papers that were
assessed more closely to extract the actual tasks related to manual efforts
during log extraction.

As a next step in the study, we went through the 120 papers to identify

human tasks related to event log extraction. To label a task as manual, we
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defined the following criteria:
1. It is explicitly mentioned that the task was performed manually.

2. There was no explicit counter statement that the task was performed
(semi-) automatically.

3. We assume that conceptual models, such as data models and process
models, were created manually unless the authors explicitly stated that

they were created in an automated fashion.

With this in mind, the final set of papers from which we identified manual
efforts is composed of 46 papers. On these papers we performed the coding
as presented in the next section.

Coding and Taxonomy Derivation

To derive a taxonomy of manual tasks, we coded the 46 papers resulting
from our literature review based on the coding of qualitative data [113]. We
performed three specific steps: First, we performed hypothesis coding. This
means that we devised a set of codes we expected to find in the data without
actually conducting any further analysis. Second, we performed a holistic
coding to identify possible categories that could emerge from and represent
the data. Third, we compared both coding schemes and discussed how they
relate to each other to achieve a more concise representation of the identified
categories. We identified that we could directly match the holistic coding
entries to our hypothesis coding, which led us to the taxonomy presented in
Section 2.4.

For example, the following codes emerged from the holistic approach: i)
“search into the data to select case perspective”, supported by “[...] It is therefore
possible to consider the data from at least three different ‘case’ perspectives, i.e. an
incident may be considered as a case, each patient may be considered as a case, or
each response unit may be considered as a case. [...]” [5]; and, ii) “identify, from
discussion with domain expert, which case should be considered”, supported
by “[...] in this case we constructed three different event logs according to the different
perspectives. [...] After several discussions, it appeared that both the team flow
and the document type flow represented the business process best [...]” [143]. Both
codes are related to the selection of a case, which can be summarized by our
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hypothesis code “Select case notion”. As can be seen from these examples, we
used lower-level coding in our holistic coding, and high-level coding in our

hypothesis coding.

A Taxonomy for Manual Tasks in Event Log
Extraction

In this section, we present the outcome of our research: a taxonomy for manual
tasks in event log extraction. We first provide an overview of our taxonomy in
Section 2.4.1. In the remainder of the section, we discuss the details of each of
the five categories.

Overview

A visual representation of our taxonomy is shown in Figure 2.1. It consists
of five categories, represented as four squares and one rectangle. These
five categories resemble the main manual tasks we identified in event log
extraction. Starting from the context and scope definition, the data source
need to be assessed, and attributes need to be selected. Based on this selection,
an event log can be extracted from the data source, and needs to be assessed
before it can be used in process mining. Note that there is no strict flow. Some
tasks might be executed repeatedly or in an arbitrary order. The numbers in
brackets indicate in how many papers these task categories were mentioned.

Context and Scope Definition

The first step as indicated by several process mining methodologies (cf. [138])
is to define the overall context and scope (supported by 25 papers from our
literature study). Naturally, this is a completely manual task that mainly
consists of discussions between the process analyst and the stakeholders.
The scope can vary between very exploratory to very specific. Once there
is an agreement on the scope, this defines the subsequent data extraction
steps. However, as pointed out in [143], the scope definition often needs to be
adjusted or redefined:

“[...] it proved very difficult to mark out the boundaries of the process

under investigation in the larger DMS [Document Management System].
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Context and Scope Definition

Define sources Define events

Create meta model Define activity names

Assess data quality Data . Define event types

Locate missing data Source ‘:t;rlb}lte Detect timestamp
Assessment election characteristics

Select case notion
Map data to events

Data Define collector
Event Log Source Define aggregations
Assessment Extraction Define transformations
Explore event log Define scope
Analyze noise Filter data
Identify problems Anonymize data

Figure 2.1: Taxonomy of manual tasks in event log extraction.

Therefore, the data scope had to be fine-tuned multiple times, going through
the scope adjustment loop after each inspection, until a satisfactory data set
was obtained." [143]

This excerpt highlights that the definition of context and scope is not a one-off
task, but may require repeated manual interventions.

Data Source Assessment

Event logs are extracted from data sources. As a first step, these sources
need to be assessed on their usability and quality. In our literature study, we
identified four task categories: reverse engineer a meta model, define sources,
audit data, and locate missing data. These categories are supported by 35
papers overall.

Define sources

Typically, there is a variety of potential data sources available. This means that
a human has to understand, analyze, and decide which data sources contain
the required data and, therefore, need to be considered for data extraction.
That this is a complex manual task is, for example, highlighted in [142]:

“The selection of information on business events is an important challenge
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in event log extraction: while large sets of information may reduce the
performance of process mining tools, too little information may affect the
quality of the analysis and resulting conclusions." [142]

However, currently, there is no clear perspective on how this manual task can

be supported or automated.

Create meta model

When data is extracted from multiple sources, the process analyst needs to
decide on how to properly merge the data. This task can be supported by
acquiring (or generating) meta models for each data source. This provides a
better understanding of the different data sources [5], and allows the process
analyst to already develop an understanding of how the data relates to specific
process activities. In our literature study, we identified that authors leverage
different meta models for this task, such as entity models [39] and hierarchy
models [69].

Assess data quality

Prior to data extraction, there should be an assessment of the quality of the
available data sources. It may be that data sources turn out to be unsuitable

for process mining. An example has been reported in [64]:

“Clinical inspection of the data quality of the EHR [Electronic Health
Record] revealed data that was considered too unreliable to use for process
mining. Issues included unrecorded events and observations, recording on
letters and paper records rather than the EHR, mis-diagnosis and inappro-
priate referrals." [64]

This example highlights that some manual effort is not only required for the
assessment, but also for fixing the problem. In the case above, the authors
decided to manually review large amounts of data, which they then manually

transformed into a suitable format.

Locate missing data

Suppose the initially available sources do not contain all the necessary data for

the process mining project. In that case, there is a need to locate the missing
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data in other data sources or extract it by other means. In practice, it is often
necessary to obtain data managed by departments in the organization that
otherwise would not be considered to take part in the process mining initiative.
However, suppose the missing data is not available in any of the information
systems of the organization. In that case, this data may be obtained by other
means. In [64], for example, the authors filled the gap of missing data through
interviews with domain experts. In any case, the detection and localization of

missing data is so far still a manual and time-consuming effort.

Attribute Selection

Once the data sources have been assessed and selected, the next step is to
select the attributes for log extraction. In this category, we identified six task
categories, which are supported by 26 papers: define events, define activity
names, define event types, detect timestamp characteristics, select the case

notion, and map activities to events.

Define events

One of the key tasks here is to decide which attributes will together represent
the events. Attributes can be more generic towards process mining, such as
resources, actors, and activities. In some case studies, highly context-specific
attributes were selected. An example of such a context-specific attribute is
provided in [142]:

“Some logistics elements (e.g., the cargo type) can be selected as the instance
attributes such that the logisticians could look at the processes from a wider
perspective [...] The cargo type of the instance is useful information as it
has a big impact on the cargo handling processes” [142]

The majority of the studies report on their defined events or the relevance of
a proper selection of events [47, 80, 98] without getting much into details on
the decisions related to the event definition, nor how it was performed.

Define activity names

Defining activity names involves different actions, such as data correlation

and abstraction [34]. In [52], the authors use names already available in the
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data source. While in [142], to perform this task, the authors use available
documents. Independently of how this task is performed, it usually still
requires manual efforts and more thorough discussions within the case studies

in the literature.

Define event types

If event types are available (e.g., start, complete, etc.), it might be needed to
define which will be necessary for the analysis. In some cases [105], there are
so many event types available that there is the need to trim down the data by
choosing only event data from a subset of event types. Otherwise, the data
would generate spaghetti-like process models.

Detect timestamp characteristics

Timestamps are available in data sources in many different formats, sizes, and
varieties. The detection of timestamp characteristics before the data extraction
can anticipate different problems, such as in [87]:

“[...] we do not have any information about the actual timestamps of the
start and completion of the service delivered. Consequently, the ordering of
events which happen on the same day do not necessarily conform with the
order in which events of that day were executed.” [87]

However, few studies reporting on the event log extraction report on the
detection of timestamp characteristics in early stages [4, 32]. From our findings,
we identified that the studies discuss timestamp characteristics only later on

in the process of event log extraction [52].

Select case notion

In many settings, there are several options concerning the case notion selection.

A typical example could be found in the healthcare domain:

“It is [...] possible to consider the data from at least three different ‘case’
perspectives, i.e. an incident may be considered as a case, each patient
may be considered as a case, or each response unit may be considered as
a case." [4]



26 2 Towards Understanding the Role of the Human

As also pointed out by several other authors, this decision is an important
one to take and may require several analyses to understand the implications

of a potential case identifier [47, 143].

Map data to events

In this task, process analysts need to identify which tables contain data that
relate to events they wish to be part of the event log. What is more, they
need to define which mappings provide the intended representation of the
events. Often this mapping is guided by activities from a reference model
resulting from the previous task category. It can also be directly performed by
the process analysts [6].

Data Source Extraction

Once the attributes have been selected, the actual event logs can be extracted.
In this category, we identified six task categories: define collector, define
aggregations, define transformations, define scope, filter data, and anonymize
data. These categories are supported by 27 papers from our literature study
altogether.

Define collector

In some cases [4, 64], the process analyst requests and receives the desired
data from a data expert, who represents an involved stakeholder. In other
cases, the process analyst has access to the data either via direct access to
the data sources [13] or via a dump from the needed data sources [141]. The
actual role of the person who collects the data is often left implicit (as e.g.
in [25, 88]).

Define aggregations

When data is too fine-grained, there is often the need for the process analyst
alongside the domain expert to define which will be the aggregations that need
to be manually performed [44, 125]. The importance of defining aggregations
is reported by [111], which states that the aggregation definition leads the
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process analyst towards a high-level event log, which reduces the complexity
of the resulting process model.

Define transformations

Different studies report on data transformation supported by domain knowl-
edge [62, 99]. In [62], the authors report they transformed data scattered
across a set of tables in a database into a unified format. In [99], the authors
transformed some data elements using proxy timestamps whenever there
were no previously recorded timestamps.

Transformations also refer to the decisions and manipulations performed
to transform event data from non process-centric information systems into a
process-centric event log. Independently of the transformations performed,
it is still necessary to define and report on the data transformations to be
consistent and keep documentation of what was performed over the data and

why. In this way, it becomes repeatable.

Define scope

Depending on the available data, it is necessary to define the scope further.
For instance, in [47], there is too much data about a process related to many
different company branches. In such a case, the authors decided to trim
the data by narrowing it down to one branch to “produce a more focused
analysis” [47].

Filter data

After the different required definitions to perform the extraction, invariably,
data filtering is performed. In many cases, the process analyst can make use
of tools to support this task. However, domain knowledge and manual efforts
are often driving the data filtering task [47, 64, 143]. From practice, we know
that data filtering is an iterative process, which is often aligned with process

discovery and conformance checking.

Anonymize data

If the process under analysis has data linkable to a specific person, this data

should be anonymized (or at least pseudonymized) to preserve privacy [8S,
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134, 142]. The detection of the particular attributes that may incur in links
to specific persons relies on domain knowledge. Such detection is often
performed manually.

Event Log Assessment

As a final category in the extraction process, the extracted event log is assessed
on its quality. In this category, we identified three task categories supported

by 13 papers: explore event log, analyze noise, and identify problems.

Explore event log

The process analyst needs to explore the extracted event log to reflect back on
the previous definitions and to attempt identifying problems that might occur
because of remnants of noise, incomplete or imprecise data, or even inadequate

definitions. Some studies are explicit about this task, such as in [47]:

“The next phase of event log exploration is intended to adjust the data set
according to the time and scope of the work, to identify sanitization rules,
and, to identify the different analysis dimensions.” [47]

During this task, the process analyst often leverages process discovery and
conformance checking techniques to perform the exploration. However, data
and scope adjustments are usually ad-hoc, and performed manually [143].

Analyze noise

If the definitions, mapping, and filtering previously mentioned are not per-
formed thoroughly, different types of noise in data may still be detected after
data is extracted, such as incomplete cases [47], and outliers [13]. And even
with thorough definitions, one can still find, for example, infrequent process
variants [125]. Although there are several tools to support data filtering,
domain knowledge drives the noise analysis and is usually performed by a

process analyst alongside a domain expert.

Identify problems

Once the event log is extracted, it can be assessed on potential problems.

Examples of problems identified are: incomplete recordings of events [125],
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and incomplete cases [47]. This identification task is also driven by domain
knowledge. It involves iterations between the process analyst and the do-
main expert, who will be redefining the scope or the events themselves, and

performing data filtering.

bR 3 Discussion

In this section, we discuss the implications and the limitations of our taxonomy
for manual tasks in event log extraction.

As for the implications of our taxonomy, we argue that it provides an im-
portant starting point for reducing the extent of human involvement in event
log extraction. We can identify two main use cases in this regard. The first
use case concerns automation. Without exactly understanding where and how
humans are involved, increasing the level of automation is hardly feasible.
Our taxonomy, therefore, provides important input on the tasks that can be
potentially automated. The second use case concerns guidance. Given the
nature of some tasks (e.g. defining the scope or defining sources), it is clear
that not all human tasks can be automated. However, what can still reduce
the time investment and the overall effort is an increased level of guidance
for manual tasks. Such guidance may include checklists or other artifacts that
provide orientation and help to structure the task execution.

Naturally, our taxonomy is also subject to a number of limitations. The first
limitation concerns the scope of our literature study. Since we exclusively
targeted process mining case studies, we cannot claim to provide a complete
picture. We, however, made this choice deliberately since we wanted to learn
about the use of process mining in real-world environments. The second
limitation concerns the use of a literature study in general. While studying the
selected papers, we realized in several places that certain details are missing
or not explicitly discussed. Hence, there might exist additional manual tasks
that were simply not reported upon or discussed in the analyzed papers.
Nonetheless, due to the extent of our literature s