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Abstract

Process mining is a promising technology that sits between Business Process Management
and Data Science. Among other benefits, process mining enables companies to reduce costs
(e.g., by identifying bottlenecks or automation potentials). Digital business process data,
which is stored in so-called event logs, allows the visualization and analysis of business pro-
cesses. The SAP University Competence Center, in cooperation with the process mining
software vendor Celonis SE, offers teaching materials for professors, students, and pupils.
However, the existing training data is static and does not change with specific user interven-
tions, such as a release of invoices. This work contributes to a more realistic teaching ap-
proach by providing a simulation software for continuous business process data. First, the
application scope of process mining projects in the industry is determined. Then, a prototypi-
cal implementation is presented that allows the continuous simulation of business process
data. Finally, a feedback mechanism is developed that allows specific user interventions to
affect the future simulation of the process data. A database is set up and connected to the Ce-
lonis Execution Management System. The simulation of the data is performed with a Python
script. The order-to-cash process of a fictitious bike rental company was used as an example
process.

Keywords: Business Process, Celonis, Continuous Simulation, Event Log, Order-to-Cash,
Process Data, Process Mining, Simulation, Teaching.
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1 Introduction

1.1 Motivation

For most companies, digital transformation not only comprises products, services and busi-
ness models, but also business processes (Handelsblatt Research Institute, 2020). Process
complexity is higher than ever and this confronts companies with major challenges (Daniels,
2022). As more and more business processes are being digitized, business process data is gen-
erated and stored in Enterprise Resource Planning (ERP) systems or Customer Relationship
Management systems, for example. One technology that aims to take advantage of this data is
process mining. It is used to discover, monitor, and improve processes (van der Aalst,
Adriansyah, et al., 2011). Process mining can be seen as the missing link between traditional
Business Process Management (BPM) and Big Data (van der Aalst, 2012a). Traditional ap-
proaches to process discovery (e.g., user interviews) are prone to disagreement and subjectivi-
ty, whereas process mining techniques promote objectivity (Koplowitz, Mines, Vizgaitis, &
Reese, 2019). Examples of benefits that companies expect from the adoption of process min-
ing initiatives are improving business agility, reducing process cycle times, and increasing
transparency of process flows (Kong, 2021). Process mining can even be used to predict com-
pletion times of running processes (van der Aalst, Schonenberg, & Song, 2011).

Process mining is a hot topic both in academia and industry. The number of publications on
process mining has been growing at a high rate since the mid-2000 (Reinkemeyer, 2020), and
research companies expect the market size to grow considerably more than 40% annually in
the coming years (Galic & Wolf, 2021; Kerremans, Srivastava, & Choudhary, 2021; Kong,
2021; Mehar, 2020). Especially against today’s background of widely used information sys-
tems and phenomena such as complex supply chains, it seems plausible that process mining
will continue to grow strongly in importance. This forecast is supported by the fact that tradi-
tional interview-based process discovery and modeling is costly and time-consuming
(Kerremans et al., 2021). Today, about 40 vendors of process mining software exist in the
market (Kerremans et al., 2021) .

Process mining is often not a trivial task, but introduces challenges such as finding process
loops, hidden processes, or duplicates (van der Aalst & Weijters, 2004). It is therefore essen-
tial that, for the purposes of teaching, the underlying process data is as close to reality as pos-
sible. The problem, however, is that no real process data from industries that continuously
supply data can be used in teaching; instead, the data that is used is static and simulated. This
means that no specific user actions, such as a change of supplier or the release of an invoice,
can be evaluated, as no new data is simulated that reflects these changes.

This thesis aims to contribute to improving teaching in the field process mining by creating a
prototypical software artifact that continuously simulates the business process data of a ficti-
tious bike rental company. Through continuity and a feedback mechanism between specific
user actions and the simulated data, it is possible to evaluate these actions. In addition to the
high practical relevance of this work, it also makes scientific contributions. First, a literature
study was carried out to investigate how process mining is applied in the industry. Not only
scientific literature was considered, but also the latest reports from research companies. Sec-
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ond, the considerations and challenges that arose during the implementation of the simulation
software are generalized to fit a variety of business processes. Thus, this thesis provides stu-
dents with a more realistic, hands-on learning experience. Furthermore, companies will also
benefit from employees who are better informed about process mining.

1.2 Research Questions and Thesis Organization

This thesis is structured as follows. Chapter 2 presents the methodological approach. It ex-
plains the general framework (namely, design science research) and presents the literature
review approach that was taken for the first research question. Chapters 4, 5, and 6 investigate
the following three research questions:

Research Question 1 (RQ1): In which application areas and use cases is process mining
utilized and what are its challenges and limitations?

This research question is addressed in Chapter 4. A review of the scientific literature was
conducted and enriched with reports and surveys from research companies to illuminate the
application of process mining in the industry.

Research Question 2 (RQ2): What aspects must a continuous simulation of business process
data for teaching consider?

This research question is addressed in Chapter 5. A prototypical simulation software was de-
veloped and is presented in this chapter.

Research Question 3 (RQ3): What influence do operational changes have on continuously
simulated data and how is a feedback mechanism to be translated technically?

This research question is addressed in Chapter 6. It directly builds upon RQ2, outlining how
the software prototype presented in Chapter 5 is extended to meet the requirements of RQ3.

Chapter 7 provides a conclusion to this work. This chapter also discusses the limitations that
emerged while working on this thesis and gives an outlook on future work.



2 Approach and Methodology

2.1 Framework for This Thesis

This thesis adheres to the methodological framework for design science research developed
by Hevner et al. (2004). In contrast to other common research paradigms in the field of In-
formation Systems, such as the behavioral science paradigm, which sets out to explain human
or organizational behavior, design science is fundamentally about problem solving and aims
at creating new artifacts that solve real existing problems (Hevner et al., 2004). As the pur-
pose of this thesis is to create a simulation software artifact for business process data, design
science was chosen as a research methodology. In their framework, Hevner et al. propose sev-
en guidelines that a design science work should follow. The rest of this section describes how
this thesis complies with these guidelines.

Guideline 1 - Design as an Artifact: By developing a prototype of a simulation software for
continuous business process data, a viable artifact is created.

Guideline 2 - Problem Relevance: This thesis addresses an existing problem in the real world,
namely the lack of continuous data in process mining education. For teaching fundamental
process mining techniques, static event data is not as suitable as continuous event data, as
because static data is inherently not immutable and therefore does not allow the evaluation of
changes to evaluate changes in a process or certain actions that were taken to improve a pro-
cess. This problem can be resolved by continuously simulating event data.

Guideline 3 - Design Evaluation: The simulated data of the prototype was compared to an
existing data set. The feedback mechanism, which is outlined in Chapter 6, was evaluated
together with the help of Celonis employees.

Guideline 4 - Research Contributions: The simulation prototype contributes to a more realis-
tic teaching approach in the field of process mining. Students will be able to apply process
mining techniques and best practices to the continuously simulated data. This helps them to
evaluate the impact of specific actions.

Guideline 5 - Research Rigor: By adhering to the principles of prototyping proposed by Nau-
mann and Jenkins (1982), a rigorous method for designing the software artifact was used.
This method is described in more detail in Chapter 5.

Guideline 6 - Design as Search Process: To create an effective artifact, the output of the con-
tinuous simulation is designed to be similar to an existing data set of 10,000 cases. This data
set is provided by the SAP University Competence Center (UCC).

Guideline 7 - Communication of Research: This work is presented effectively, because the
thesis explains the software artifact in a general way for management-oriented readers and,
for technically oriented readers, further details can be found in the appendix and the documen-
tation.



2.2 Literature Review Approach

To create a solid foundation in academic projects, it is essential to review relevant literature in
the respective field (Webster & Watson, 2002). Thus, to investigate RQ1, a literature review
was conducted. As readers should be able to assess the quality of a literature review, it is vital
to document the review process properly (vom Brocke et al., 2009). In the field of Infor-
mation Systems, a literature review is typically a complicated task, as a large and increasing
number of articles are published every year in a broad spectrum of journals, conference pro-
ceedings, and many other sources (vom Brocke et al., 2009). Hence, it makes sense to use a
framework that serves as a guide for writing a review. Vom Brocke et al. (2009) proposed a
common framework for this purpose consisting of five phases. The rest of this section out-
lines how these phases were approached.

Phase | - definition of review scope: To define the scope of the review, a taxonomy pro-
posed by Cooper (1988) was used (Table 1). Six characteristics and the respective categories
of embodiment are listed. The green cells show which category applies to the respective char-
acteristic in the review. For example, the audience for the review was defined as general and
specialized scholars. The review was not written for the general public, who is typically not
interested in process mining, nor was it written for practitioners, as they are already familiar
with process mining and do not need to simulate data, but rather work with real data.

Characteristic Categories
Focus Research Outcomes Research Methods Theories Applications
Goal Integration Criticism Central Issues
Organization Historical Conceptual Methodological
Perspective Neutral Representation Espousal of Position
Audience Specialized Scholars General Scholars Practitioners/Politicians General Public
Coverage Exhaustive Exhaustive & Selective Representative Central/Pivotal

Table 1: Definition of Review Scope
Source: Own representation, based on Cooper (1988)

Phase Il - conceptualization of topic: In this phase, definitions of key terms should be pro-
vided (vom Brocke et al., 2009). An overview of the topic was gained by reading review arti-
cles on process mining and a book by the Dutch scientist Wil van der Aalst.

Phase 111 - literature search: To find relevant articles, Webster and Watson (2002) suggest
starting a literature search in the leading journals. One set of highly reputed journals in the
Information Systems research community is the Senior Scholars’ Basket of Journals of the
Association for Information Systems (AIS, 2011), also known as the Basket of 8. These eight
journals were supposed to serve as an entry point for the literature review. Three scientific
databases (Scopus, WebOfScience and IEEE Xplore) were searched for the term “process
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mining” and filtered by the eight journals. However, this search yielded only one result, and
the topic of the resulting article was considered irrelevant for this thesis. A second search ap-
proach was used, which focused on keywords rather than on journals. Figure 1 shows the
searched keywords.

practic*
industr*
appli*
surve*
report*
organi*
institut®
challeng*
limit*

"process mining" AND

Figure 1: Combined Search Terms
Source: Own representation

The resulting articles were analyzed based on their titles and abstracts. A forward and back-
ward search was conducted. Thirteen of the articles are referenced in the literature review. To
complete the review and emphasize the practical relevance of process mining, studies, reports,
and surveys from research firms such as Gartner, Deloitte, and Forrester were included. Such
documents give information such as estimates of the market size for process mining and how
companies use process mining. This type of information is usually not found in scientific arti-
cles and therefore complements the traditional literature search. The collection of these docu-
ments did not adhere to a structured pattern, but was rather conducted as a general internet
search using the search engine Google. Search terms such as “process mining report 2021”
and “process mining survey” were used. Nine of the reports found are referenced in the litera-
ture review.

The literature search was conducted in January and February 2022.

Phase 1V - literature analysis and synthesis: To structure the selected documents, a concept
matrix (Webster & Watson, 2002) was established. It is provided in Appendix A.

Phase V - research agenda: A comment on future work is given in Chapter 7.



3 Overview of Process Mining

This chapter gives an overview of the history, important terms and concepts, and market fig-
ures of process mining. It contributes to a better understanding of the following chapters, in
which the three interrelated research questions are addressed.

Process mining settles in between BPM and Data Science. Figure 2 illustrates the interdisci-
plinary nature of process mining. In many Data Science approaches and technologies, the
process perspective is absent. Traditional BPM approaches heavily rely on models instead of
extracting knowledge from process data. Process mining overcomes these issues by combin-
ing perspectives and technologies from both disciplines. (van der Aalst, 2016)

Business Data
Process Science
Pr
Management 0Cess
Mining

Figure 2: Interdisciplinary Nature of Process Mining
Source: Own representation, based on van der Aalst (2016)

The IEEE Task Force on Process Mining! (TFPM) defines process mining as “techniques,
tools, and methods to discover, monitor and improve real processes (i.e., not assumed pro-
cesses) by extracting knowledge from event logs commonly available in today’s (information)
systems” (van der Aalst, Adriansyah, et al., 2011). This definition shows that process mining
is a comprehensive approach rather than a single specific technology or tool. The three types
of process mining (discovery, conformance, and enhancement) also emerge from this defini-
tion. These are addressed in Section 3.5. The concept of event logs, which is fundamental in
process mining, is elaborated in Section 3.4. Finally, the definition makes it clear that process
mining is explicitly not about processes as they should be, but as they happen in the real
world. Before the basic concepts of process mining are discussed further, a brief overview is
given of the milestones in its history, mainly based on Reinkemeyer (2020).

3.1 A Brief History of Process Mining

Research on process mining started in 1999 at Technical University of Eindhoven. The Dutch
scientist Wil van der Aalst coined the term and is a leading figure in this field. In the begin-
ning, the first process discovery algorithms were developed, namely the alpha algorithm (van
der Aalst, Weijters, & Maruster, 2004) and heuristic miner (Weijters, van der Aalst, & Alves
de Medeiros, 2006). In 2005, researchers from Technical University of Eindhoven published

L https:/www.tf-pm.org/



the ProM framework? (van Dongen, Alvares de Medeiros, Verbeek, Weijters, & van der
Aalst, 2005). It supports a broad spectrum of process mining techniques and algorithms and is
extensible via plug-ins. The open-source platform is still actively used and being further de-
veloped. In 2009, the TFPM was established. In 2011 they published the Process Mining
Manifesto, which includes six guiding principles and eleven challenges of process mining
(van der Aalst, Adriansyah, et al., 2011). In the same year, Wil van der Aalst published the
first book solely on process mining (Process Mining: Discovery, Conformance Checking and
Enhancement). In 2016, the second edition of the book followed, entitled Process Mining —
Data Science in Action. In 2018, Gartner Inc. published its first Market Guide for Process
Mining (Kerremans, 2018). In the same year, Celonis SE® became the first process mining
company to reach a valuation of over one billion dollars (Steger, 2018). In the following year,
the first conference specifically dedicated to process mining, namely the International Confer-
ence on Process Mining,* was established by the TFPM, which has been held annually since.
PM4PY ° a Python framework for process mining, was also released in 2019, supporting pro-
cess discovery and conformance checking. In addition, Celonis was awarded the German Fu-
ture Award (Deutscher Zukunftspreis) this year (HOopner & Kerkmann, 2019). In 2021,
Celonis became the first process mining software vendor to reach a valuation of 10 billion
dollars (Holzki, 2021). As of 2021, there are about 40 vendors of process mining software
available (Kerremans et al., 2021).

The next section gives market figures on process mining. They demonstrate that process min-
ing has emerged from academia and entered industry, as it is shown that the market for pro-
cess mining is expected to grow strongly in the coming years.

3.2 Market Figures on Process Mining

Estimates of market size for process mining software vary. Since 2018, Gartner Inc. has re-
leased annual market guides that include size estimations. Table 2 shows their results in the
respective years. In these reports, market size is defined as product license and maintenance
revenue. In their latest 2021 report, they forecast the market to grow between 40% and 50%,
passing $1 billion in 2022.

Year of report Reference year for | Market size in | Growth rate
market size million USD compared to pre-
vious year
2018 2017 120 -
2019 2018 160 33%
2020 2019 320 100%
2021 2020 550 72%

Table 2: Market Size Estimations for Process Mining Software
Source: Own representation, based on Kerremans et al. (2018-2021)

2 https://www.promtools.org/doku.php
3 https://www.celonis.com/

4 https://icomconference.org/
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Nelson Hall (2021) estimates the 2021 process mining market to be 670 million USD, and
forecasts it to be 4.4 billion USD by 2025, having a compounded average annual growth rate
of 45%.

Moreover, Quadrant Knowledge Solutions expects the process mining market to have a com-
pounded average annual growth rate of 75.3 % from 2020 to 2025. They estimated that the
size of the process mining market would rise from 245 million USD in 2019 to more than 7
billion in 2025. Their results are illustrated in Figure 3, which shows the (expected) market
size for process mining from 2019 to 2025 in million USD. (Mehar, 2020)

Market Size for Process Mining Software
in Million USD

8000
7112
7000

6000
5000

4445

4000

MILLION USD

3000 2614

2000 1444

1000 760
245 396

2019 2020 2021 2022 2023 2024 2025
YEAR

Figure 3: Market Size for Process Mining Software
Source: Own representation, based on Mehar (2020)

One indication that the market still has considerable growth ahead is the fact that the U.S.
market is not yet highly developed compared to Europe’s, especially Germany’s and the
Netherlands’. Other regions, such as Russia, South America, and South East Asia, are also
expected to catch up. (Galic & Wolf, 2021)

HFS also gives a geographical assessment. Regarding the adoption of process mining soft-
ware, they estimate that Europe holds a share of 52%, followed by North America with 26%.
The rest of the world accounts for 22%. (Fleming & Duncan, 2020)

3.3 Terminology

This section explains important technical terms related to process mining. They are particular-
ly relevant for the practical part of this thesis, which is addressed by RQ2 and RQ3 in Chap-
ters 5 and 6.

Process, Activity, and Process Step

In the literature, no uniform definition exists for the term process (Lindsay, Downs, & Lunn,
2003). A comparatively broad definition is given by Davenport (1993), describing a process
as a structured collection of activities that aim to generate a particular output. Other defini-



tions assign further properties to the term. For example Dumas et al. (2013) state that process-
es encompass not only activities, but also events and decisions. For this thesis, Davenport’s
definition is sufficient, as the important insight for the remaining chapters is that a process
consists of activities. The terms process and business process are used interchangeably in this
work.

Activities can also be referred to as process steps. There are publications that differentiate
between process steps and activities, defining activities as process steps that are well-defined
(van der Aalst, 2016). For the sake of simplicity, the terms activity and process step are used
interchangeably in this thesis.

Process Model

Processes can be visualized with process models. In process mining, typical modeling tech-
niques are Petri nets, Business Process Model and Notation (BPMN), Event-driven Process
Chains and UML Activity Diagrams. These models focus on the control-flow of a process.
However, process mining can also be used to investigate other perspectives, such as the or-
ganizational perspective. (van der Aalst, Adriansyah, et al., 2011)

Figure 4 shows an example BPMN process model of the order-to-cash (O2C) process of a
bike-rental company. An O2C process is a process that refers to the ordering, delivery, invoic-
ing, and payment reception of goods or services (Dumas et al., 2013).

Start Bike Reserve Credit " Change Create Clear
%ental App Bike ‘:’ Q:’ Book Bike Time Invoice H Invoice ]_’O
End

Start

Figure 4: BPMN Model of the O2C Process of a Bike-Rental Company
Source: Own representation

Each node in the model, except the start and end node and the two XOR gateways, corre-
sponds to a process step (i.e., an activity).

In addition to the modeling techniques mentioned previously, directly-follows graphs (DFGSs)
are another way to model business processes. They are widely used in process mining soft-
ware solutions. A DFG is a graph in which nodes represent activities and directed edges rep-
resent “directly follows” relationships. It is a simpler modeling technique than BPMN or Petri
nets, as it does not allow for concurrency. (van der Aalst, 2019)

Figure 5 shows a DFG that models the same process as the BPMN model in Figure 4. The
activity “Reserve Bike” now has two outgoing edges, as it is followed by either “Credit
Check” or “Book Bike,” but not both in parallel.



Credit
~ Check
Start Bike Reserve . Change Create Clear
. | Book Bike ) . )
Rental App Bike > Time Invoice Invoice
- - End

Start

Figure 5: DFG of the O2C Process in Figure 4
Source: Own representation

Path and Process Variant

A path is a specific sequence of process steps in a process model. As process models usually
allow for more than one path from a start node to an end node, they model more than one
process variant. For example, activities in a process model can be optional, or the model can
include a loop. Figure 4 models exactly two process variants, as the activity “Credit Check” is
optional. These variants can be denoted as follows:

Variant 1: (Start Bike Rental App, Reserve Bike, Credit Check, Book Bike, Change Time,
Create Invoice, Clear Invoice)

Variant 2: (Start Bike Rental App, Reserve Bike, Book Bike, Change Time, Create Invoice,
Clear Invoice)

Process Instance and Case

A process instance is one execution of a specific process. For example, consider a customer
who rents a bike and takes the steps of Variant 1. Another customer also orders a bike and
takes the same steps in the same order as the first customer. In this scenario, two process
instances have taken place, yet only one process variant occurred.

A process instance is also referred to as a case (van der Aalst, 2016), especially in the context
of event logs, which are discussed in Section 3.4.

Happy Path

The so-called happy path is the path or process variant that is executed if the process is
performed as desired and no exceptional situations occur (Bollen, 2010).

To-Be and As-Is Process

Processes can be classified into To-Be and As-Is processes. To-Be processes describe how
processes should work, whereas As-Is processes describe how the processes actually work in
reality. Modeling To-Be processes is a typical technique of BPM, and visualizing and analyz-
ing As-Is processes is a feature of process mining. (Reinkemeyer, 2020)

3.4 Event Log and Case Table

Modern information system, such as ERP systems, generate and store vast amounts of data.
Examples include the booking of a goods receipt or the creation of a customer account. In the
context of process mining, this type of data is referred to as event data. Process mining tech-
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nologies use this data as an input from which processes are reconstructed. Therefore, a central
artifact in process mining is the so-called event log. (van der Aalst, 2016)

An event in an event log relates to an activity (i.e., process step) and is associated with a spe-
cific case (i.e., a process instance) (van der Aalst, 2016). The events of a case must be ordered
(van der Aalst, 2012b). If they are not ordered, an event must have an additional attribute that
allows the events to be sorted (e.g., a timestamp that is unique within a case). The ordering of
events is crucial, as it allows dependencies between activities to be determined.

The notion of an event log as a single table is a simplification of reality, as such information
is mostly stored across multiple tables of an information system’s database (van der Aalst,
Adriansyah, et al., 2011). Hence, it is necessary to extract the data in a proper way, which is a
fundamental task in real-world process mining projects (van der Aalst, 2016). Additionally, in
reality, further information is stored in event logs, such as the user who conducted the activity
and their role (van der Aalst, 2016).

For the sake of simplicity, in this thesis it is assumed that one event log contains only the data
of exactly one process and does not mix up several processes. Table 3 shows an event log of
the O2C process modeled in Figure 4. Each row corresponds to one event. This event log con-
tains three cases (001, 002, and 003). For readability, the events that refer to the same case are
grouped into the same shade of blue.

Such an event table is sufficient to derive variants. Cases 001 and 003 share the same set of
activities in the same order. Thus, they belong to the same variant; that is, Variant 1 intro-
duced in Section 3.4. Case 002 belongs to Variant 2, as the optional activity “Credit Check”
occurred.
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Case ID Activity Timestamp

001 Start Bike Rental App | 2021-12-11 15:07:32
001 Reserve Bike 2021-12-11 15:09:23
001 Book Bike 2021-12-11 15:10:44
001 Change Time 2021-12-11 15:12:45
001 Create Invoice 2021-12-12 17:15:50
001 Clear Invoice 2021-12-14 08:24:45
002 Start Bike Rental App | 2021-12-11 13:22:26
002 Reserve Bike 2021-12-11 13:23:31
002 Credit Check 2021-12-11 13:24:11
002 Book Bike 2021-12-11 13:26:35
002 Change Time 2021-12-11 13:28:52
002 Create Invoice 2021-12-11 14:05:54
002 Clear Invoice 2021-12-15 15:21:14
003 Start Bike Rental App | 2021-12-19 09:31:05
003 Reserve Bike 2021-12-19 09:32:02
003 Book Bike 2021-12-19 09:33:22
003 Change Time 2021-12-19 09:33:43
003 Create Invoice 2021-12-19 09:55:25
003 Clear Invoice 2021-12-21 09:06:14

Event logs can be described as a tree structure. An event log is a collection of cases, a case
consists of events, and an event has any number of attributes (van der Aalst, 2016). Figure 6

illustrates this structure.

Table 3: Example of an Event Log
Source: Own representation

Event Log
/ \
Case 1 |
Event 1/ ‘ \Evcnt m
Attributc/l ‘ >Ltributc k
Figure 6: Tree Structure of an Event Log
Source: Own representation, based on van der Aalst (2016)
Case Table

It is not only events that can have additional attributes, but also cases. Such information could
be stored in the event log, but this would be redundant, because in the event log there are typ-
ically multiple rows for each case. Thus, storing case-level information in a separate table and
linking this table to the event log via the case ID is an important concept for this thesis. This
concept is especially relevant in Chapters 5 and 6. Table 4 shows an example of such a case
table. It contains additional information for each case from the event log above (Table 3),
namely where a bike was rented and by whom.
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Case ID Location Customer
001 Garching Jennifer Smith
002 Munich Alex Foles
003 Garching John Doe

Table 4: Example of a Case Table
Source: Own representation

3.5 Discovery, Conformance, and Enhancement

Regarding the goal and application of process mining initiatives, three main types can be dis-
tinguished: process discovery, conformance checking and process enhancement (van der
Aalst, Adriansyah, et al., 2011). They differ in terms of the input and output, as shown in Fig-
ure 7.

Discovery
Conformance
event log
—>
model
Enhancement
event log
—
model

Figure 7: The Three Types of Process Mining
Source: Own representation, based on van der Aalst (2012)

Process discovery takes an event log as an input and uses it to reconstruct a process model.
Examples of discovery algorithms are the alpha algorithm (van der Aalst et al., 2004), heuris-
tic miner (Weijters et al., 2006), genetic process mining (van der Aalst, Alves de Medeiros, &
Weijters, 2005), and inductive miner (Leemans, Fahland, & van der Aalst, 2013). Take the
event log shown in Table 3 as an example. It consists of three cases, of which two (001 and
003) follow the same process variant (Variant 2 from Section 3.3). Case 002 is different, as it
lists the additional activity “Credit Check” (Variant 1 from Section 3.3). A discovery algo-
rithm would yield a model like the one from Figure 4, modeling the activity “Credit Check”
as optional because it did not occur in all cases.

Conformance checking is used to compare an already existing model to reality. The model is
checked to determine whether it matches the data of the corresponding event log. (van der
Aalst, 2016)

Process enhancement aims at improving or changing an already existing process model by
additionally considering event log data that belongs to the same process (van der Aalst,
Adriansyah, et al., 2011). There are two types of enhancement:
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Repair: This type of enhancement changes the existing process model to better match
reality; for example, by reordering activities or modelling an activity as optional (van
der Aalst, 2016).
Extension: This type of enhancement adds new information from the event log to the
existing process model. For example, a process model that shows only the individual
process steps and the sequence can be enriched by adding throughput times or fre-
quencies. (van der Aalst, 2016)

In industry, companies mostly apply process discovery (Celonis, 2021; Kerremans et al.,
2021). Since 2017, however, discovery tends to be used less, enhancement is being expanded,
and conformance has remained at a relatively stable level (Kerremans et al., 2021). This trend
is illustrated in Figure 8.
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Figure 8: Usage of Process Mining Types by Year
Source: Own representation, based on Kerremans et al. (2021)

Now that the key terms and concepts of process mining have been introduced, the following
chapters investigate the three interrelated research questions.
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4 Process Mining in Practice

As shown in Section 3.2, process mining is an important topic in the industry and is expected
to become even more relevant in the coming years. Expectations of process mining projects
are manifold: Examples are process improvement, transparency, monitoring, cost reduction,
automation identification and process compliance (Galic & Wolf, 2021). Given this back-
ground, this chapter investigates RQ1:

In which application areas and use cases is process mining utilized and
what are its challenges and limitations?

For this purpose, both the scientific literature and the latest reports from research companies
were consulted. Regarding the application areas of process mining, a top-down approach is
taken. First, the economic sectors in which process mining is applied are outlined. Second, the
functional areas involved in process mining initiatives are described. Third, use cases are in-
vestigated. After the challenges and limitations are discussed, a conclusion is given.

4.1 Application Areas and Use Cases

To obtain an overview of how process mining is applied in industry, important economic sec-
tors are first identified. In 2021, Nelson Hall surveyed and analyzed process mining vendors,
revealing that banking, financial services and insurance are the major sector for process min-
ing initiatives, while logistics, manufacturing and healthcare are also important and growing
sectors (Kong, 2021). In scientific literature, a different approach to investigate key sectors
for process mining exists. For example, Dakic et al. (2018) conducted a literature review of
the application of process mining and grouped the investigated articles by sectors. Their re-
sults indicate that healthcare is the most important industry, followed by information technol-
ogy (IT) and finance. Thiede et al. (2018) followed a similar approach in their literature
review, and yet they reached a different classification of sectors, indicating that public admin-
istration was the most represented sector. Similar to Dakic et al.’s (2018) classification, finan-
cial services and healthcare were ranked in second and third place, respectively, followed by
manufacturing.

Regarding the adoption of process mining within a company, a distinction between functional
areas can be made. According to a company survey by HFS, the three most important areas
are finance and accounting, procurement, and customer service (Fleming & Duncan, 2020).
Detailed results can be found in Figure 9.

Deloitte found similar results. They also grouped process mining into functional areas, but not
in exactly the same way. In their survey, purchase and procurement, sales, and accounting and
payment were the areas where process mining is applied most. Note that IT was placed fourth,
in contrast to the findings of HFS. Areas where process mining was not applied as often in-
cluded human resources, warehousing, and marketing. The results are shown in Figure 10.
(Galic & Wolf, 2021)
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Split of Process Mining Initiatives by Functional Areas (HFS)
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Figure 9: Process Mining Initiatives by Functional Area (HFS)
Source: Own representation, based on Fleming & Duncan (2020)
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Figure 10: Process Mining Initiatives by Functional Area (Deloitte)
Source: Own representation, based on Galic & Wolf (2021)
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No common classification exists of use cases of process mining initiatives. For example, in
their annual market guides on process mining, Gartner defines the following five use cases:

e Business process improvement
e Auditing and compliance

e Process automation

¢ Digital transformation

e IT operations

According to their market survey, the main use case for process mining is process improve-
ment. However, the percentage of process improvements measured against all other process
mining initiatives is expected to decrease in the coming years. Process automation and digital
transformation are expected to play a greater role. The use cases and their proportions in the
respective years are shown in Figure 11. (Kerremans et al., 2021)
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Figure 11: Share of Process Mining Use Cases by Year
Source: Own representation, based on Kerremans et al. (2021)

Quadrant Knowledge Solutions also lists process automation, digital transformation, and au-
diting and compliance as primary use cases. Furthermore, they view quality management,
service management, enterprise software implementation, business process management, and
operational excellence as vital. (Mehar, 2020)

In contrast, the PEX annual report for 2020 classifies use cases of process mining initiatives
differently. They identified operational efficiency, intelligent automation, IT transformation,
compliance, and customer experience as the main drivers of process mining initiatives of the
surveyed companies. The results are shown in Figure 12. (Hawkins, 2020)
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Figure 12: Main Drivers of Process Mining Initiatives
Source: Own representation, based on Hawkins (2020)

An entirely different approach was taken by Ailenei et al. (2011). They defined use cases and
grouped them by the three types of process mining (discovery, conformance, and enhance-
ment). They validated their definitions with expert interviews, which led to a classification by
the role of the respective expert (e.g., researcher or consultant). They proposed the following
four use cases that were relevant for all roles:

Structure of the process

Most frequent path in the process
Distribution of cases over paths
Compliance with the explicit model

Among the less important use cases were longest waiting times, work handovers, and re-
sources per task. It is notable that the use cases from this study are more specific than those
previously mentioned in the reports and surveys from research companies.

4.2 Challenges and Limitations

In scientific the literature, there is no common understanding of process mining challenges.
For example, the Process Mining Manifesto (van der Aalst, Adriansyah, et al., 2011) lists 11
challenges. Reinkemeyer (2020) postulates seven novel challenges. Martin et al. (2021) pub-
lished a set of 32 challenges as a result of a study with process mining experts from academia
and industry. These diverse perceptions are inherent to the field, as over time, old challenges
may be overcome, or new challenges may arise (van der Aalst, Adriansyah, et al., 2011).
Thus, this section gives an overview of selected challenges and limitations. The focus is on
scientific publications from recent years and current reports from research companies. The
results are grouped into challenges that companies face before they start process mining ini-
tiatives, challenges that they face when applying process mining and general limitations of
current process mining tools and approaches.
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Challenges Before Process Mining Initiatives Are Started

The reasons companies consciously or unconsciously do not use process mining are manifold.
For example, other projects are given higher priority, or the management simply does not pay
attention to process mining. Budget restrictions are also a factor. (Galic & Wolf, 2021)

This is consistent with the findings from Gartner’s market guides. Their reports contain inter-
views with Wil van der Aalst, in which he states that managers may be afraid to use process
mining because it potentially reveals faulty and inefficient management. It is also outlined
that many managers and consultants are simply unaware of the advantages of process mining.
(Kerremans, 2019; Kerremans, Searle, Srivastava, & lijima, 2020)

Finding a suitable provider of process mining software can also be a challenge for companies.
Turner et al. (2012) give advice on which aspects to consider when looking for a process min-
ing solution.

Before process mining can be used in companies, it must be decided to which processes it
should be applied. Grisold et al. (2020) found that managers do not differentiate by process
type, such as O2C or purchase-to-pay, but rather examine the processes for their characteris-
tics. In their survey, managers stated that the most important criterion was how much data
was generated in a process. Another criterion was the number of people involved in a process.
It was argued that more people involved also means that more knowledge can be gained. Fur-
thermore, managers agreed that process mining should be used only for processes that are
repeated many times. (Grisold et al., 2020)

Challenges During Process Mining Initiatives

Difficulties may arise when process mining is applied in companies. It is often hard to quanti-
fy the financial outcome of process mining projects (Celonis, 2021; Galic & Wolf, 2021).
Companies state that process knowledge is the most important skill for successful process
mining projects (Galic & Wolf, 2021). To a certain extent, however, this can be viewed as a
paradox, since process mining aims at generating process knowledge. This knowledge is
typically not available beforehand. Furthermore, the lack of skills in critical areas such as
analytics or data engineering is one of the biggest obstacles companies face in the application
of process mining (Galic & Wolf, 2021).

In a Delphi Study, Martin et al. (2021) found that two of the three challenges that were rated
as extremely relevant by the participants related to process data (poor data quality and
complex data preparation). Often in process mining initiatives, 80% of the effort and time is
devoted to extracting and transforming the data into the right format, as the data is usually
erroneous, incomplete, or unstructured; only 20% of the time and effort is given to the actual
application of process mining (e.g., process analysis) (Kerremans, 2019; Kerremans et al.,
2020). One common issue related to data quality and preparation is that events are not always
associated with a human-readable activity (Martin et al., 2021) . This is inline with Andres et
al. (2020), who describe how the construction of the event log is especially challenging when
different processes interweave with one another and multiple organizations are involved.
Suriadi et al. (2017) provide a pattern based approach to prepare event logs.
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Limitations

One limitation of modern process mining tools is that they heavily rely on filtered DFGs for
process discovery. These graphs are limited in terms of their analysis capabilities, as they are
not able to express concurrency and filtering them is prone to misleading results. It is also
possible that a DFG suggests loops where in reality there are none. Although vendors are
aware of these issues, they often decide to continue using DFGs, because they guarantee high
performance and are easier for clients to understand than Petri nets or other alternatives.
(Reinkemeyer, 2020; van der Aalst, 2019)

Another limitation in practice is that conformance checking is still not well supported and
rarely found in current process mining software solutions (Reinkemeyer, 2020). If it is im-
plemented, either it performs poorly on large data sets or simplified best-effort algorithms are
carried out (Lee, Verbeek, Munoz-Gama, van der Aalst, & Sepulveda, 2018).

Privacy issues can also be a limiting factor in process mining analyses. Analyses must respect
legal restrictions, such as the European General Data Protection Regulation. In certain use
cases where personalized data is collected, such as sensor data from employees’ wearables,
legal restrictions may limit the insights that can be gained compared to a situation when there
are no regulations to adhere to. (Mannhardt, Petersen, & Oliveira, 2018)

4.3 Conclusion of Research Question 1

This chapter has shown that process mining is applied in many different sectors, functional
areas, and use cases. Even if no clear classification of the criteria mentioned above exists,
important areas have been identified. It has been shown that process mining still faces a varie-
ty of challenges and that current tools are limited in certain respects. In process mining re-
search, the focus is mostly on technical aspects such as algorithms (Martin et al., 2021). Thus,
the investigation of RQ1 contributes to a holistic view of process mining projects in industrial
practice.
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5 Continuous Simulation of Business Process Data

This chapter investigates RQ2:

What aspects must a continuous simulation of business process data
for teaching consider?

For this purpose, a prototypical implementation of a simulation program is presented. The
data of this simulation will serve as an input for process mining analyses in teaching. The fo-
cus is on the O2C process of a fictitious bike rental company.

5.1 Problem Situation and Relevance

The previous chapters showed that process mining plays an important role in the industry and
offers a wide range of opportunities for companies to optimize their processes. It was also
shown that the process mining market is expected to grow strongly in the coming years.
Hence, it is beneficial for students to learn about process mining during their education. They
acquire skills that will be increasingly in demand in the labor market in the future. Moreover,
companies benefit from well-trained personnel, which is especially valuable given the short-
age of skilled IT workers in Germany (Berg, 2019; Pauly & Holdampf-Wendel, 2022).

The SAP UCC, in cooperation with Celonis SE, provides teaching materials for process min-
ing. Celonis is the world’s leading provider of process mining software (Kerremans et al.,
2021; Kong, 2021; Modi, Makan, & Kumar, 2021). These teaching materials include presen-
tations and case studies that can be worked through in Celonis’s software solution. For the
remainder of this thesis, the name “Celonis” will refer not only to the company itself, but also
to their cloud-based software solution Celonis Execution Management System.

The data set provided by the SAP UCC to conduct the case studies comprises 10,000 cases of
the O2C process of the fictitious company Global Bike Share (GBS). This data set was gener-
ated once and uploaded to Celonis. However, process mining is optimally used in a continu-
ous way to deliver the most value (van der Aalst, Adriansyah, et al., 2011). In industry,
process mining with Celonis is commonly conducted in the following way. An enterprise in-
formation system, such as SAP or Salesforce, is connected to Celonis. The process data gen-
erated by the information system is then transferred to Celonis continuously (e.g., daily or
hourly). The data is analyzed in Celonis, and certain actions are taken (e.g., the change of a
supplier or the release of invoices). When sufficient time has elapsed, the changes can be as-
sessed to see if they have had the desired effect. However, such an analysis is not possible
with the static data set provided by the SAP UCC, as no new data is loaded into Celonis. The
objective of investigating RQ2 is to identify the key aspects of a continuous simulation of
business process data for teaching and to implement the simulation technically.

Simulation is the imitation of the operation of a real process or system over a period of time
(Banks, 1998). In the literature, different approaches and frameworks for simulation exist
(Maria, 1997). The term continuous simulation in the context of this thesis might be mislead-
ing at first glance. In the simulation literature, this term typically refers to systems that allow
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variables to change continuously (Ozgiin & Barlas, 2009). In contrast, so-called discrete event
simulation is applied when variables change at discrete time steps (Ozgiin & Barlas, 2009).
Thus, this distinction refers to the properties of simulated variables. In this thesis. however,
the term continuous refers to the temporal application of the simulation program itself, mean-
ing that the program is not run at one point in time and then finishes the execution, but rather
runs continuously and simulates new data at certain intervals (e.g., daily or hourly). As the
simulated variables themselves are discrete (e.g., timestamps and revenues), the prototype
uses principles of discrete-event simulation. It also applies principles of stochastic simulation
(Asmussen & Glynn, 2007), as assigning values to certain variables is subject to randomness.
This is described in more detail in Section 5.3.

Before the most important concepts of the implementation are outlined, a brief overview of
the relevant components of Celonis is given.

5.2 Overview of Celonis

Celonis offers a cloud-based process mining software solution that includes various compo-
nents: for example, the Action Engine, Event Collection, Machine Learning, Process Analyt-
ics, and Studio. In the context of RQ2, the relevant components are the Event Collection and
Process Analytics. For RQ3, which is discussed in Chapter 6, the Action Engine is also rele-
vant.

Event Collection

The Event Collection component allows process data from a source system to be loaded into
Celonis in various ways. There are pre-built connectors for common information systems in-
cluding Oracle, SAP, Salesforce, and many others. It is also possible to connect to databases
(e.g., Microsoft SQL Server, PostgreSQL, MySQL) directly. This is the option that was cho-
sen for the software prototype of this thesis. A one-time file upload (e.g., in the form of a
CSV file) is also possible in the Event Collection.

When a data source is to be connected via the Event Collection, a hierarchical structure is set
up. On the top level is the Data Pool. It can contain any number of Data Connections. A Data
Connection contains the necessary information to connect a data source, such as the IP ad-
dress of the database server and authentication information. On the next level of the hierarchy
are the Data Jobs. A Data Connection can be associated with any number of Data Jobs, but
each Data Job must be associated with exactly one Data Connection. A Data Job includes any
number of Extractions, Transformations, and Data Model Loads. An Extraction specifies
which tables that are available through the Connection are to be loaded into Celonis. A trans-
formation is used to modify the extracted data (e.g., by filtering or changing data types). This
is achieved with the help of SQL statements. A Data Model Load specifies which previously
defined Data Model is to be applied to the extracted data. A Data Model relates the extracted
tables from the source system to one another. For every Data Model, it is necessary to specify
the event log. Note that in the context of Celonis and the prototype implementation, the event
log is referred to as an activity table. The case table can be specified optionally. Foreign key
relationships between tables can also be established in a Data Model. Figure 13 illustrates the
hierarchical structure within the Event Collection.
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Figure 13: Hierarchical Structure Within the Event Collection
Source: Own representation

Process Analytics

Once the data to be extracted has been defined in the Event Collection, it is possible to ana-
lyze the data in the Process Analytics component. This is also the component that serves as a
starting point when students work with the teaching materials provided by the SAP UCC. For
the creation of analyses, Celonis provides prefabricated templates and also allows users to
create templates themselves. Examples of prefabricated templates are the dashboard view, the
Process Explorer, and the Variant Explorer. The dashboard view shows mainly key perfor-
mance indicators and charts related to a process. The Process Explorer and the Variant Ex-
plorer provide DFGs for analyzing the process.

Figure 14 shows an example of the Process Explorer. Activities are represented as nodes in
the DFG in the white area on the left. In the gray area on the right, activities and connections
between them can be added or removed. The connections can be labeled with additional in-
formation, such as the median duration of activities. The Process Explorer is intended to give
an overview of a process. In combination with other templates, detailed insights can be ob-
tained.
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Figure 14: Example of the Process Explorer in Celonis
Source: Own project in demo version of Celonis

Now that an overview of the two relevant Celonis components has been given, details of the
continuous simulation can be elaborated.

5.3 Sample Process, Procedure, and Components of the Continuous
Simulation

This section gives a conceptual overview of the technical components of the prototype and the
procedure for its development. First, it is necessary to elaborate on the process that has been
chosen for the simulation.

For the teaching materials provided by the SAP UCC in cooperation with Celonis, the ficti-
tious company GBS was created. GBS’s business model is to rent bicycles to end customers
via an app and collect a fee for this service. It was decided to focus on this O2C process as the
underlying process of the prototypical simulation software for three main reasons. First, this
process is easy to understand, as many students are already familiar with the concept of rent-
ing a bicycle in the real world. Second, there are already case studies and other teaching mate-
rials on this process. If the teaching materials are adopted to fit the data of the continuous
simulation, less effort will be needed than if a whole new process were simulated. Third, a
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data set of 10,000 cases already exists for this process. It was decided that this data set should
serve as an orientation for the continuous simulation.

Due to the time and cost constraints of this work, a full implementation was not possible, but
a prototype was created. In the information systems literature, there is no universal definition
of the term prototype (Carr & Verner, 1997). A broad definition is given by Nauman and Jen-
kins (1982), who refer to a prototype as a system that encapsulates the main characteristics of
a subsequent system.

The process of prototyping is an iterative procedure consisting of four steps: first, basic needs
are identified; second, a working implementation is developed; third, the prototype is used,;
and finally, the prototype is revised and optimized. (Naumann & Jenkins, 1982)

In software development, different types of prototyping have emerged. For instance, throwa-
way prototyping involves building a prototype as soon as possible and implementing require-
ments that are not clearly understood. The goal is to gain a better understanding of the
requirements during prototyping. When these are fully understood, the prototype is discarded,
and a full system is developed. Another approach is evolutionary prototyping. In this ap-
proach, only well understood requirements are implemented at first. Then, the prototype is
used in an experimental way to gain knowledge of new requirements that have not been
thought of yet. Evolutionary prototyping is well suited for systems in which the core func-
tionality is understood beforehand. (Davis, 1992)

This is the case for this thesis, as there already exists a data set of 10,000 cases that serves as
an entry point for the prototype. Thus, evolutionary prototyping was used as a methodological
approach to the technical implementation.

Conceptually, the development of the simulation software proceeded in the following eight
steps:

1. Analyzing the existing data set for activities, variants and attributes: The existing
data set was analyzed. It consists of 10,000 cases (i.e., process instances) of the O2C
process of GBS, which are described in a case table and an activity table. In total,
there are nine different activities and 39 process variants. The attributes included in
the case table are:

the time at which the case started
the customer who rented the bike
the place where the bike was rented
the type of the bike

the duration of the rental

the revenue of the rental

2. Deciding which attributes and values to adapt, omit or add: It was decided that all
the attributes above should be used for the new simulation. The possible values of the
attributes were also adopted, with the following exceptions: 14 of the 39 variants and
10 of the 50 customers were adopted to simplify the implementation. It was also de-
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cided not to add any new attributes at this point. The process and its 14 possible vari-
ants are represented by the BPMN model in Figure 15. One path from the start node to
the end node corresponds to one process variant. The happy path is highlighted by
thick arrows.
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Figure 15: BPMN Model of the O2C Process
Source: Own representation
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Analyzing the existing data set for attribute distributions: The values of the attrib-
utes in the existing data set are not uniformly distributed. For example, more bikes are
rented in the summer than in the winter, and more rentals take place in certain loca-
tions than in others. All attributes were analyzed for their distributions, and it was de-
cided to implement the distributions similarly in the new simulation.

e

Developing a first version of the simulation software: A Python script was written
that is able to simulate a specified number of cases for an entire year. The result of this
script was compared to the existing data set (e.g., for the similarity of distributions).

o

Running the script continuously: The script was modified so that not only could it
simulate an entire year, but it could also be started once and simulate new cases every
hour.

S

Setting up a database server: A Linux server was set up and MySQL Server was in-
stalled on it. A database was created that imitates GBS’s information system. In reali-
ty, this could be an SAP ERP system, for example. The database holds master data
such as customers, locations, and bicycle types, and it stores the case table and activity
table. Appendix B contains a model of the database schema

~

Deploying the Python script on the server: The Python script was modified so that
in each new simulation round it pulls the necessary master data from the database and
simulates new cases based on this data. Before this step was introduced, this type of
data was hard-coded in the script itself. Subsequently, the Python script was placed on
the same server as the MySQL database, where it can run continuously.

8. Connecting the database to Celonis: In the Celonis Event Collection, a Data Pool
with a Data Connection to the MySQL database, a Data Job and a Data Model were
set up. To continuously load recently simulated data into Celonis, an hourly schedule
was set up. Finally, an analysis was created in the Process Analytics component.

26



Figure 16 illustrates the architecture of the components of the continuous simulation. The blue
boxes represent the involved components. The arrows represent data transfers from one com-
ponent to another. The numbered grey boxes indicate the order in which the data transfers
happen. In every new simulation run, the Python script pulls master data from the database,
such as the existing customers or locations. Then, based on this data, new cases are simulated
and written to the activity table and case table on the database. Celonis then extracts the entire
data from the database. These three steps are executed every hour. In this way, a continuous
simulation of business process data and the possibility to analyze it in Celonis is achieved.

newly simulated cases

master data

1.

MySQL | entire process data } Celonis

| Python Script l i B N

Linux Server

Figure 16: Components of the Continuous Simulation Prototype
Source: Own representation

5.4 Challenges of Simulating Continuous Process Data

In this section, an overview is given of the main challenges that arose during the implementa-
tion of the simulation software. The concepts and challenges presented here concern basic
issues in the continuous simulation of business process data and are not restricted to a certain
process.

Challenge 1: Defining the Interval Between the Simulation Runs

From the research question it is clear that the process data should be simulated continuously.
There are different ways of achieving this; for example, daily, hourly, or even every second.
With regard to RQ3, which is about building a feedback mechanism between actions in Celo-
nis and the simulation, the hourly simulation was chosen. An hourly simulation is more bene-
ficial for teaching than a daily simulation, because the effects of actions in Celonis can be
analyzed by students on the same day. Moreover, it does not put as much load on the database
and Celonis as a more tightly timed simulation.

Challenge 2: Determining How Many Cases Should Be Simulated in Each Simulation
Run

Now that the interval between the runs is defined, the first decision in each run is how many
cases are to be simulated in the run. The easiest way would be to define a fixed value. To cre-
ate a more realistic model, the number of simulated cases follows certain probability distribu-
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tion, depending on the current month and hour. This models the fact that more bicycles are
rented in the summer months than in the winter months and that more rentals take place in the
morning hours than at night. The target number for an entire year was defined as 10,000 cas-
es, which corresponds to an average of about 1.14 cases per hour. Thus, in many runs, no cas-
es are simulated at all (e.g., at midnight in a winter month), and several cases are simulated in
the morning of a summer month.

Challenge 3: Assigning Probability Distributions to Attributes of the Case Table

Depending on the application domain, a case is associated with several attributes. For this
thesis, these attributes are described in Section 5.3. For every attribute, a certain probability
distribution for its values must be chosen. The simplest method is to assign a uniform distri-
bution to each attribute (i.e., every value of an attribute has the same probability of being
simulated as the others). However, this method is not an adequate representation of reality.
Therefore, distributions were derived from the existing data set. For example, in most of the
cases, a certain type of bicycle is rented, whereas another type is rarely rented. If an attribute
has only a few possible values, a probability can be assigned to each value manually. In the
simulation for this thesis, this was done for the month and hour of a timestamp and for types
of bicycles, locations, and variants. Customers and the remaining elements of a timestamp
(day, minute, and second) were uniformly distributed to reduce complexity. For the attribute
that has too many possible values to assign probabilities manually, namely the duration of a
rental, another approach was taken. The values were grouped into intervals, and each interval
was assigned a probability manually. Within each interval, the values were distributed uni-
formly.

Challenge 4: Determining Activity Durations

The problem of simulating activity durations is similar to the problem of simulating rental
durations described in Challenge 3. There are too many possible values to assign probabilities
manually. Thus, the values were also grouped into intervals, and each interval was assigned a
probability manually. Again, within each interval, the values were distributed uniformly.

Challenge 5: Dependencies Between Attributes of the Case Table

With regard to the relationships of attributes within a case, various dependencies are conceiv-
able. For example, a certain customer might always rent the same type of bicycle, or the cus-
tomer might only rent bicycles on workdays. These types of dependencies can be designed to
be arbitrarily complex. Nevertheless, they are not taken into account in this simulation, be-
cause they significantly increase the complexity of the implementation and have only little
influence on the quality of the teaching.

5.5 Conclusion of Research Question 2

This chapter investigated RQ2 (What aspects must a continuous simulation of business pro-
cess data for teaching consider?). The design science methodology (Hevner et al., 2004) was
adhered to in developing a software artifact. This artifact contributes to a more realistic teach-
ing experience, as process data is continuously simulated and transferred to Celonis, where
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the data can be analyzed using process mining techniques. It was stated that it is necessary to
simulate both an activity table and a case table. For the activity table, it is necessary to define
how many and which variants should be simulated. For the case table, it is necessary to define
the attributes and their corresponding values and probability distributions that should be part
of the later analysis in process mining software such as Celonis. The main challenges lie in
the area of conflict between realistic representation and the complexity of implementation.
The more realistic the simulation, the more complex the implementation. For teaching, a suit-
able compromise must be found (e.g., by defining attributes for which certain probability dis-
tributions are useful and others where an even distribution is sufficient). These considerations
are not restricted to the specific process that was implemented, but hold for other types of
business processes.
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6 Feedback Mechanism Between Celonis and the Simulation

This chapter investigates RQ3:

What influence do operational changes have on continuously simulated data and
how is a feedback mechanism to be translated technically?

This research question builds directly upon RQ2 from the previous chapter. Thus, the proto-
typical implementation presented in Chapter 5 will be modified and extended.

6.1 Problem Situation and Relevance

Chapter 5 investigated which aspects must be considered when business process data is to be
simulated continuously. It was also shown how such a simulation can be implemented techni-
cally. In this chapter, the focus is not on generating process data, but on changes to the simu-
lation from within Celonis. In industry, process mining software is used not only for analysis
of processes, but also for the execution of actions (e.g., bookings or transactions) in a con-
nected information system. Therefore, is valuable to also facilitate this procedure in teaching
with simulated data. This enables students not only to analyze processes, but also to modify
processes and test the effectiveness of these modifications. The prototype developed for this
research question thus contributes to an improvement in the quality of teaching and makes it
more realistic.

6.2 Target Architecture

In systems theory, the term feedback describes a concept in which two or more systems are
interconnected in such a way that they influence each other (Astrém & Murray, 2006). Figure
17 shows the technical components from Figure 16 extended by the classification into two
systems. System 1 influences System 2, but not vice versa, which is why there is no feedback.

newly simulated cases

master data

1.

MySQL | entire|process data } . CeloniS
Database = | 3.

Python Script ‘ ‘

Linux Server ‘

System 2

System 1

Figure 17: Classification of the Technical Components Into Two Systems
Source: Own representation

30



The goal of this Chapter is to establish a connection from System 2 to System 1 and investi-
gate which influence this has on the technical implementation of System 1 and its output.

While investigating RQ3, the question arose of how changes can be made in the simulation
software itself (i.e., in the Python script) without manually terminating, modifying, and then
restarting the program. As shown in Figure 17, there is no direct connection between the
script and Celonis, but rather an indirect one via the database. Such a direct connection to a
Python script cannot be set up in Celonis. Therefore, if changes in Celonis are to affect the
simulation, the simulated data must be made dependent on certain data in the database, and
this data must be queried before each simulation run. For example, a flag could be added to
the customer table, and if it is set, the simulation will behave differently than if it is not set.
This target architecture is depicted in Figure 18. Compared to Figure 17, a data transfer from
Celonis to the database has been added as a fourth step. If actions are performed in Celonis,
this fourth step terminates the simulation run and a new run starts from the first step, pulling
the modified data.

newly simulated cases

data|affected by actions 4
MySQL | entire process data ’ CeloniS
Database = | 3 .

master data

1.

Python Script ‘

‘ Linux Server ‘

System 2

System 1

Figure 18: Feedback Mechanism Between the Two Systems
Source: Own representation

In this way, a feedback mechanism is established between the two systems. In systems theory,
such a construct is also referred to as a closed-loop (Astrém & Murray, 2006).

Next, a brief introduction to Celonis’s Action Engine is necessary, as this is the component
that allows actions to be performed that affect the future simulation.

6.3 The Celonis Action Engine

In Section 5.2, the Event Collection and the Process Analytics component of Celonis were
introduced. For RQ3, the Action Engine plays a central role. Within the Action Engine, so-
called signals can be set up. As soon as cases are loaded in the Event Collection that trigger
these signals, actions that have been defined previously are suggested to the user. Examples of
such actions include performing a transaction in a connected information system or sending
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an email to a supplier. A signal can have any number of associated actions. Celonis offers
both pre-built actions and the opportunity to create custom actions.

To illustrate the relationship between signals, actions, and cases, consider the following sce-
nario: In Celonis, a signal is set up that is triggered when a case is loaded into the Event Col-
lection that contains the activity “Create Invoice” but not the activity “Clear Invoice”. The
desired action associated with this signal is to send the corresponding customer an email re-
minder, asking them to pay the invoice.

Now that a general understanding of the Action Engine has been reached, the specific signals
and actions that were implemented for the feedback mechanism can be explained.

6.4 Defining Sample Signals and Actions in Celonis

For the implementation of actions, a variety of options are available in Celonis. A distinction
can be made between two types of actions: those that actually change the underlying data and
those that do not. Examples of the former include the execution of a transaction in a connect-
ed information system (e.g., releasing an invoice); examples of the latter include sending
emails, displaying information, or opening links and analyses. Since RQ3 investigates the
influence of actions on the simulation, it was decided to select actions that belong to the first
group. Since the prototype is to be used in teaching, signals and actions were set up that are
easily understandable. Moreover, it was decided to limit the number of signals to three, be-
cause this was rated as sufficient to achieve learning effects. The three signals and their asso-
ciated actions are shown in Table 5. The explicit effect on the simulation is described for
every signal.

The criteria that a case must meet to trigger a signal can be defined in Celonis using the Pro-
cess Query Language (PQL) invented by Celonis. It is a language inspired by SQL and specif-
ically built for querying process data (Klenk, 2021). Its ability to filter on aggregated process
data is useful for setting up a signal. The following PQL statement exemplifies this function-
ality. This statement was used to set up Signal 2 from Table 5 (i.e., finding the customers that
have three or more unpaid invoices).

FILTER PU_COUNT ("customer",

"case_table"."case id",
"case_table"."variant_id" IN (2,5,6,8)) >= 3

The PU_COUNT function inside the filter statement is an aggregate function. For every cus-
tomer, it counts the number of their cases that have the variant ID’s 2, 5, 6, or 8. These are the
variants in which an invoice is created but not cleared. The filter then selects only those cus-
tomers who have three or more such cases. The advantage of PQL over SQL in this example
is the amount of code needed to achieve the same goal. Here is the corresponding SQL state-
ment to achieve the same result:
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SELECT c.*

FROM case_table ct

LEFT JOIN customer c¢ ON ct.customer_id = c.customer_id
WHERE ct.variant_id in (2,5,6,8)
GROUP BY c.customer_id

HAVING COUNT(ct.case id) >= 3;

Signal | Signal Signal Associated Effect on the Simu-
ID Name Description Action(s) lation
1 20% Discount | Every customer that | (1) inform customer The revenue of the
for Next Rental | rented a certain type | via email next rental will be
of bike at least 120 20% less than without
minutes receives (2) set discount on the action.
20% discount on next rental in
the next rental. database
2 Block Every customer that | (1) inform customer The customer will not
Customer has three or more via email be simulated any
unpaid invoices will more.
be blocked from (2) set blocking flag
future rentals. on customer in
database
3 Set Credit Every location for (1) set credit check Only variants that
Check on which 30 or more flag on location in include the activity
Location cases with unpaid database “Credit Check” will
invoices exist will be simulated for this
require a mandatory location.
credit check for
every future case.

Table 5: Signals and Actions Established in Celonis
Source: Own representation

Now that it has been explained which signals and actions were created in Celonis, the modifi-
cations that they require in the simulation can be discussed.

6.5 Influences of the Actions on the Simulation and Technical Realization

For the implementation of the first signal, a new table was created in the database that assigns
a discount rate to each customer. The attribute in the case table that is affected by this signal
is the revenue of the rental. It is calculated as before, when the signal did not exist, and addi-
tionally multiplied by (1 — discount rate). Thus, in every simulation run, the discount rates
from the new table must be queried by the Python script.

For the second signal, the customer table in the database was extended by a column indicating
whether the customer is blocked. At the start of each new simulation run, the script checks
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which customers are blocked according to the flag and considers only those that are not
blocked.

The implementation of the third signal works similarly to the second one. The location table
in the database was extended by a column that indicates whether the location is subject to a
credit check. Before the script simulates the location of a case, it checks if the flag is set in
this location, and if so, it simulates a variant that contains the activity “Credit Check.” The
third signal also introduced an additional dependency in the simulation. The variant that is to
be simulated is dependent on the selected location. This means that, in the script, the location
must be simulated first, and only then can the variants be determined. In the previous version
of the script, which was discussed in Chapter 5, these two attributes were independent of each
other.

For the second and third signal, it was necessary to extend the case table with the attribute
variant id. This was previously not an explicit part of the case table, but the variants were
computed by Celonis implicitly during the data import. Since for both signals it is crucial to
distinguish between variants in which the customer pays their invoice and variants in which
they do not (i.e., if the activity “Create Invoice” is present but not the subsequent activity
“Clear Invoice”), it is useful for this information to be included in the case table to enable
filtering by means of PQL statements in the Action Engine. If this information was not in-
cluded, it would be necessary to compute it via PQL, which would increase complexity signif-
icantly.

Appendix C contains a model of the modified database schema, which includes the above
mentioned adjustments.

Generalizing these insights yields the following influences of operational changes from within
a process mining tool on a continuous simulation of business process data:

e Operational changes may require new tables or columns in an existing database sche-
ma. In particular, the introduction of flags (i.e., Boolean values) often appears to be a
simple yet useful method.

e Operational changes may introduce new dependencies of function parameters or
change existing ones. This may also lead to a reordering of the execution of functions.
When two functions are not dependent on each other, the order of execution plays no
role. As soon as one function is dependent on another’s value, the execution must oc-
cur in the right order.

e Operational changes may change certain calculations (e.g., because new attributes
such as a discount must be considered).

e Any data that underlies operational changes and serves as an input for the simulation
must be queried by the simulation script. Ideally, this happens in every simulation run,
such that the simulation is based on the latest data.
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e Operational changes may require making implicit information explicit. For example,
introducing the variant of a process instance explicitly in a new table column can lead
to a significantly simpler solution. This is especially the case if this information has to
be used in the process mining system (e.g., for filtering).

6.6 Conclusion of Research Question 3

This chapter investigated RQ3 (What influence do operational changes have on continuously
simulated data and how is a feedback mechanism to be translated technically?). It was shown
that such a feedback mechanism, implemented using the Celonis Action Engine, extends the
interaction of the simulation’s technical components by one step, connecting two systems via
a closed-loop. An indirect connection was established between the component containing the
simulation logic and the process mining software, namely Celonis, via a database. Technical-
ly, this was implemented by new tables, columns, flags, and dependencies of simulation func-
tions. The specific modifications of the implementation of the prototype were generalized,
contributing to a better understanding of the effects that operational changes can have on a
continuous simulation of business process data.

35



7 Limitations, Conclusion, and Outlook

7.1 Limitations of This Thesis

Three academic databases were searched to conduct the literature review for RQ1. Other da-
tabases may contain further relevant articles. Due to the large number of search results, the
sources used in this thesis were selected based on their title and abstract. The result of this
procedure depends on the assessment of a document’s relevance and may exclude more rele-
vant documents and include less relevant ones. Furthermore, other search terms may also
yield relevant articles. However, due to the limited amount of time for this thesis, the ap-
proach used for the literature search is justified.

The reports from research companies, which include surveys and estimations, investigate the
adoption of process mining in the industry. However, surveys can be biased (e.g., by a non-
representative selection of respondent companies), and estimates can be error-prone (e.g., due
to a wrong choice or weighting of parameters). Even if surveys and estimates from different
companies do not match exactly, however, they do show tendencies. These tendencies should
be taken seriously, as reports from different companies are created independently of each oth-
er, making the data more robust.

The simulation software developed in this thesis is also subject to limitations. The ISO/IEC
25010 standard (ISO/IEC, 2011) lists eight characteristics of software quality. These are func-
tional suitability, performance efficiency, compatibility, usability, reliability, security, main-
tainability and portability. Some of these characteristics could not be fully realized due to
time and costs constraints. For example, the simulation script queries the entire database in
every new simulation run. This may cause performance issues for large datasets. However,
the core functionality has been implemented in a satisfactory manner, allowing for future en-
hancements.

Only data of an O2C process was simulated. Simulation of other processes would increase the
variety for students and thus lead to a more comprehensive education. Nevertheless, key con-
cepts and takeaways can be taught with a single process, as it simplifies the learning experi-
ence compared to a simulation of multiple processes.

The simulated data was stored in a database that was created specifically for this thesis. It
would have been desirable to feed the data directly into an existing SAP ERP system of the
SAP UCC and to connect this with Celonis. In this way, the built-in functionality provided by
Celonis for SAP systems (e.g., in the Action Engine) could have been taken advantage of.
However, due to time constraints and limited knowledge of the internal table structures of
SAP, this approach was not taken. Nevertheless, the concepts used for the continuous simula-
tion can be adapted in the future to build such a connection to SAP.

7.2 Conclusion

This thesis sets out to enhance teaching in the field of process mining. Process mining sits
between traditional model-based process analysis and data-centric analysis techniques such as
data mining and machine learning (van der Aalst, 2016). In cooperation with Celonis SE, the
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SAP UCC offers process mining training material for professors, students, and pupils. This
material comprises not only tutorial documents, but also event data. Since no real data from
the industry can be used in teaching, currently, a static data set of 10,000 cases is available for
learners to practice with. However, this data is not mutable (i.e., it does not change according-
ly when an action is performed, such as the release of invoices). This thesis improves the
learning experience by making it more realistic and relevant to practical use. This improve-
ment was achieved in three steps.

First, a theoretical foundation of process mining was established by conducting a structured
literature review. The review not only refers to process mining as an academic discipline, but
also covers its application and importance in business practice. Second, a software prototype
was developed that adheres to the design science principle. It transitions from statically to
continuously simulated business process data. As an example process, the O2C process of the
fictitious company GBS was simulated. The main aspects and challenges that arose during the
implementation were outlined and generalized to fit any simulation of business process data.
Finally, the software prototype was extended to include a feedback mechanism between the
simulated data and user actions in the process mining software Celonis. This feedback mech-
anism allows users to evaluate their process modifications. The influences of the feedback
loop on the simulation software were demonstrated and generalized to fit a variety of business
processes. In conclusion, the objective of this work has been fulfilled as it contributes to more
realistic teaching of concepts and practices of process mining.

7.3 Outlook

Process mining is a promising technology that can be applied in many industries. Especially
against the backdrop of trends such as ongoing digital transformation, process mining may
become even more important in the future. This thesis can serve as a starting point for im-
provements in the education of the next generation of process mining experts. The transition
from statically to continuously simulated process data including a feedback loop is a first step
toward improvement, but it is not the end of the road. One further step would be the creation
of an appropriate teaching curriculum; for example, a case study that guides learners to dis-
cover how actions in Celonis affect the simulated data. Another option would be to customize
the software prototype to embed the simulated data into a specific target system such as SAP.
In this way, learners would not be restricted to the actions they can take in Celonis; they could
also make changes directly in the system that stores the process data. For the implementation
of the feedback mechanism, a workaround was established that uses a an email account that
was set up specifically for this thesis to connect Celonis to the MySQL database. This ap-
proach was chosen because at the time of implementation, there was no knowledge of any
functionality directly available in Celonis that stores the desired data in the database. Howev-
er, the Celonis Execution Management System is continuously being enhanced. In addition to
the Action Engine, it offers the Studio component, in which Action Flows can be set up.
These Action Flows enable users to take more complex actions and offer a greater automation
potential than the action engine. Thus, integrating Action Flows into the simulation could
make the above mentioned workaround obsolete and lead to better teaching.
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It is important that teaching in the field of process mining progresses, as the market is ex-
pected to grow at a high rate (Kerremans et al., 2021). Thus, industry needs a generation of
well-educated employees to meet the future demands of process mining.
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Appendix B: Database Schema for Research Question 2

activity_table

customer .
— PK customer_id | FK case_d
customer_name activity
eventtime
sort
case_table
PK case_id —
casetime
FK customer_id
bike_type customer_name
— PK bike_type_id FK bike_type_id
bike_type_name bike_type_name location
cost_per_minute_in_cents FK location_id PK location_id
location_name location_name
renting_duration
net_value
bike_type distr location_distr
FK bike_type_id FK location_id
percentage percentage
month_distr hour_distr variant_distr
PK month_id PK hour_id PK variant_id
percentage percentage percentage
Legend

PK indicates a primary key column.
FK indicates a foreign key column.
Connections between columns of different tables indicate foreign key relationships.
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Appendix C: Database Schema for Research Question 3

customer_discount_rate

FK customer_id
discount_rate
customer
PK customer_id —
customer_name
customer_email
blocked
case_table activity_table
PK case_id FK case_id
casetime activity
FK customer_id eventtime
bike_type customer_name sort
— PK bike_type_id —— FK bike_type_id
bike_type_name bike_type_name location
cost_per_minute_in_cents FK location_id PK location_id
location_name location_name
renting_duration credit_check
net_value
variant_id
bike_type_distr location_distr
FK bike_type_id FK location_id
percentage percentage
month_distr hour_distr variant_distr
PK month_id PK hour_id PK variant_id
percentage percentage percentage
Legend

PK indicates a primary key column.
FK indicates a foreign key column.
Connections between columns of different tables indicate foreign key relationships.



