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Abstract

Department of Information and Computer Sciences

Process mining is a technique that uses the event logs of a system to discover, monitor, and
improve process models. It can be applied in many domains, but the knowledge of a process

mining expert is often needed. This research sets out to make process mining more available to
new users by making them aware of the opportunities that process mining can bring and the
challenges they can encounter during the application. It does so by performing a systematic

literature review that analyzes the types, perspectives, opportunities, and challenges of process
mining. It looks at these four aspects from six different views, being the main domains in which
process mining is applied: Healthcare, ICT, Manufacturing, Education, Finance, and Logistics.

This domain perspective is chosen so that domain experts without process mining experience can
learn the opportunities and challenges that are specific to their domain. The results show little

difference between the domains regarding the types and perspectives of process mining. There are
differences between domains in opportunities and challenges. Some are shared by multiple domains
whilst others are domain-specific as they originate from the characteristics of that domain. These
findings are combined in six infographics that make them accessible to new process miners. It also

includes recommendations on how to deal with the challenges.

Keywords- process mining, domains, opportunities, challenges, types, perspectives
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Chapter 1

Introduction

1.1 Process Mining

Process mining is a technique that uses the event logs of a system to discover, monitor, and improve
process models. Analyzing these models can provide insights into a system’s behavior. This can be
used to identify bottlenecks and deviations, diagnose performance and compliance problems, and
detect repetitive tasks that could be automated or removed. Because these models are derived from
the event logs, they represent the actual process as-is. This can be compared to the assumed process
to show the difference between desired and actual system behavior [127]. This comparison is called
conformance checking and is one of the three types of process mining. The other types are discovery,
where process mining is used to construct a model based on the event logs, and enhancement, where
data from the event log is used to improve a process [129]. Many organizations have processes that
could be optimized. Given that most digital systems produce event logs, process mining can be
applied in many types of organizations. The main domains that currently apply process mining are
healthcare, ICT/information technology, manufacturing, education, finance, and logistics [26].

1.2 Problem statement

The people who work in these domains are often focused on domain-specific tasks but have little
to no experience with process mining applications. They might have heard about process mining
and its possible benefits, but when they want to apply it, they need a process mining expert to help
them with the implementation. Improving the understandability of process mining to new users is
one of the eleven challenges that process mining faces, according to the process mining manifesto
[129]. Given the limited experience they have with process mining applications, it could be unclear
what opportunities process mining can bring within their domain, given that this can depend on the
situation and the available data. There are also some challenges that can occur during the application
of process mining. Knowing these opportunities and challenges can be helpful when investing in a
process mining application. Martin et al. [81] used a Delphi study to investigate what opportunities
and challenges are most relevant. For this study, they used experts from both academia and industry,
with varying backgrounds. Having industry experts with different backgrounds combined gives a
clear overview of the challenges and opportunities that process mining had in general, but misses out
on the possible differences between the application domains. For example, one of the challenges of
process mining is that employees might feel watched and are reluctant to cooperate with a process
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1.3. RESEARCH OBJECTIVES CHAPTER 1. INTRODUCTION

mining project, fearing that their work will be automated, making them obsolete [81]. Whilst
this might be true for workers in IT, financial, and logistical domains, this could be less likely
for healthcare workers as they experience high workloads that could be reduced by automating
processes [33]. For them, the privacy of the patients and the anonymization of their data can be a
much more relevant challenge [1]. This thesis aims to find the differences in the opportunities and
challenges between these domains. By knowing these differences we can create infographics that help
inexperienced process miners to identify the opportunities and challenges that can arise when they
apply process mining in their domains. The infographics also recommend process mining techniques
that are best suited given the opportunities and challenges of that domain.

1.3 Research Objectives

This research sets out to make new users aware of the opportunities and challenges that can arise
when applying process mining, by listing the relevant opportunities and challenges that are specific
to the six main application domains. We want to achieve this by analyzing opportunities that process
mining can bring, giving new users a clearer view of the benefits they can expect. We also look at the
challenges that can arise when applying process mining. Making new users aware of these challenges
helps them to overcome them and prevents unexpected setbacks. For each domain, the number of
times different types and perspectives of process mining are being applied is also analyzed. This
can show the reason for implementing process mining in each domain. These results can be used to
create infographics that educate inexperienced process miners on the opportunities and challenges
that can arise when they apply process mining, thus improving their understandability.

1.4 Research Questions

Main Research Question

To achieve the research objective, the following main research question is formulated.

What are the differences between the applications of Process Mining in its six main
application domains?

Sub Research Questions

The following sub-questions are formulated to answer the main research question.

RQ1: What types of process mining are being applied in the different domains?
When process mining is applied, information is extracted from event logs. This information can be
used to achieve various goals. These goals can be categorized into three types of process mining.
Discovery is a type of process mining where a process model is constructed based on the event data.
Conformance is when an existing model, that shows desired behavior, is compared to the event

2



1.4. RESEARCH QUESTIONS CHAPTER 1. INTRODUCTION

logs of the same process, or the actual observed behavior. Enhancement is a type of process min-
ing that aims to extend or improve an existing process model by using information from the event log.

RQ2: What process mining perspectives are used in the different domains?
When process mining techniques are applied, it can look at the event logs from different perspectives.
There are four main perspectives defined [127]. Control-flow is a perspective that looks at the order
in which activities take place. The organizational perspective looks at the resources in the log, such
as actors, and how they interact. The case perspective concerns the properties of a case, and the
values that those properties have. The fourth perspective is time and looks at the timing of the
events.

RQ3: What opportunities present themselves when applying process mining in each domain?
To find out what benefits process mining can bring to each domain, research has to be done on the
opportunities of process mining in each domain. In this research, the following definition of oppor-
tunities by Martin et al. is used [81]. ”An opportunity is a favorable circumstance or an expected
benefit for an individual, a team, or an organization enabled by the use of PM in organizations.”

RQ4: What challenges arise when applying process mining in each domain?
The same research has to be done for the challenges to find out what can go wrong when applying
process mining. The definition of challenges by Martin et al. is used in this research [81]. ” A chal-
lenge is a difficulty or an obstacle that arises when using (or intending to use) PM in organizations,
and that requires a lot of energy and determination from an individual, a team, or an organization
to overcome.”

RQ5: Considering the major opportunities and challenges in each domain, what should be taken
into account when applying process mining?
When the opportunities and challenges of each domain are known, this information can be used to
inform inexperienced process miners about the specific opportunities that process mining can bring
within their domain. It can help them to be aware of what process mining is and is not capable
of. It can also inform them of the challenges that they might encounter during the application.
Recommendations can be made to help mitigate those challenges. The information will be presented
in an infographic per domain that aims to help non-experts with their process mining application.
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Chapter 2

Process Mining

This chapter provides background information on subjects that are used in this research. The types
and perspectives of process mining are explained, followed by an overview of the six main application
domains and the opportunities and challenges.

2.1 Types of Process Mining

Process mining can be divided into three types: discovery, conformance, and enhancement. These
three types all extract information from event logs but with varying goals and outcomes. The three
types are explained below.

Process discovery is a type of process mining that aims to construct a process model based on
an event log. The constructed model is an abstract representation of that log and presents insights
into its captured behavior [131]. The model is created without a-priori information, meaning that
it can be made without additional information about the process and is based only on the event log
[127].

Conformance checking is a type of process mining where an existing process model is compared
with the event log of the same process [127]. This comparison can show the differences between
the expected or desired behavior (the process model) and the actually observed behavior (the event
logs).

Enhancement is a type of process mining that aims to extend or improve an existing process
model by using information from an event log. Whilst conformance checking looks at the differences
between a model and reality, enhancement aims to correct these differences by changing the model
[127]. A process model can be enhanced by repairing or extending it [142]. Repairing a model is
when it is changed to reflect reality better. Extending is when a new perspective is added to the
model. An example would be adding time stamps.

2.2 Process Mining Perspectives

Besides these types, process mining can also be categorized by the perspective it takes. Perspectives
look at the aspects that process mining aims to analyze. The process mining book defines four
perspectives, though these are non-exhaustive. Multiple perspectives can be used in a process
mining application. The four main perspectives are explained below[127].

4



2.3. APPLICATION DOMAINS CHAPTER 2. PROCESS MINING

The control-flow perspective, also known as the process perspective, looks at the control-flow
of a process [52]. It identifies the activities performed and the order of their execution [45]. This
is often displayed in a process modeling language, such as Petri net, BPMN, or UML [103][28][13].
This perspective answers the ’How’ questions of process mining [130].

The organizational perspective concerns the ’who’ and looks at the resources in a log, like the
actors and how they are involved with activities and how they interact [114]. Its goal can be to
show the structure of an organization or its social structure. Tasks that belong to this perspective
are identifying organizational roles, work distribution among resources, and activities that can be
executed by a particular resource [45].

The case perspective looks at the ’what’ and concerns the properties of cases. The values of
those properties can be useful when a case stands out. For example, when you look at a case with
an unpaid order, it can be helpful to know what customer is linked to that case, in order to send a
reminder.

The time perspective looks at the ’When’ of process mining. Some research defines only three
perspectives, excluding the time perspective [130] [63]. However, they refer to [127] for these defi-
nitions, where all four perspectives are given. The time perspective uses timestamps to look at the
timing and frequency of events. This makes it possible to discover bottlenecks and estimate the
duration of similar events. Some refer to this perspective as the performance perspective [52].

2.3 Application Domains

Process mining is applied in a variety of domains. A mapping study [26] looked at which domains
have been researched the most. The top six domains account for 79% of all papers. These six
domains are elaborated upon below.

2.3.1 Healthcare

Healthcare is the domain that covers clinical paths, patient treatment, and the primary processes of
a hospital. Covering 28% of papers, it is by far the most researched domain in the field of process
mining [26]. Process models in this domain are characterized by high variability, complexity, secu-
rity, and privacy [80][85][146]. As with other domains, the application of process mining can help
with decision making and cost reduction. More specifically for the healthcare domain, it can also
help with identifying flows of patients with certain diseases, estimating chances of treatment, finding
correlations among treatments, and improving the quality of treatments [146][102]. An example of
a process mining application in the healthcare sector is a case study in a Dutch hospital that looked
at careflows of patients. They analyzed event logs containing diagnostic and treatment activities of
patients. By looking at the process from the control-flow, organizational, and performance perspec-
tives, they gained insights that could be used to improve the careflows. They identified core paths
and found correlations between departments. It was also concluded that healthcare processes can be
unstructured and that new process mining techniques need to be developed to handle this [78]. The
healthcare domain also faces some challenges. Events are often still entered manually in medical
systems, leading to missing or incorrect events [79]. Other challenges are the lack of information
integration from different health systems, and the high variability of patients’ event trajectories [21].

2.3.2 ICT

The Information and Communication Technology (ICT) domain covers process improvement/eval-
uation, agile task management, on IT systems. It accounts for 16% of research papers [26]. In this
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domain, process mining can be used to evaluate and analyze software processes [105]. It has also
been shown capable of improving the maturity levels of software processes [71], and it is used to
analyze and improve maintenance processes using bug report logs [44].

2.3.3 Manufacturing

Manufacturing takes up 13% of the research papers and covers production processes. These are
processes from enterprise resource planning systems (ERP) and manufacturing execution systems
(MES) [26]. Process mining can help to discover hidden relationships in production processes that
can lead to higher flexibility and real-time decision support [47]. In the manufacturing domain,
process mining can also be applied to industrial equipment. This introduces a challenge as these
processes are less structured compared to administrative processes [104]. Another implementation
of process mining is the use of a Bayesian network of predictive models to predict maintenance
intervals, thus reducing downtime [108].

2.3.4 Education

Process mining is being applied in education to discover, analyze, and improve learning processes,
by analyzing data from educational information systems [122]. The educational domain accounts for
10% of the research papers on process mining. It uses process mining to analyze recurring behavior
in learning processes and recommend learning paths based on user groups and learning styles. Also,
the relations among students and between students and instructors are analyzed [26]. Challenges
in the educational domain are mostly related to the data. These are challenges like dealing with
duplicate events and having small data sets [122].

2.3.5 Finance

The financial domain accounts for 6% of research papers on process mining. It focuses on financial
institutions such as banks and insurance companies. Process mining is applied for risk analysis and
prediction [20], insurance claim handling [65], ATM processes, loan approval, credit card checks, and
fraud analysis [26]. Process models of loan applications can be complex and unstructured, making
analysis difficult and time-consuming. Process mining techniques, such as the CSM miner, can help
to analyze these processes [30]. The size of datasets can also be an issue in this domain, as some
businesses collect much data about transactions [139].

2.3.6 Logistics

The sixth domain is logistics and covers 5% of the research papers on process mining. It looks at
logistical processes about industrial shifts, warehouse layouts, traffic control, and resource allocation,
among others [26]. In this domain, process mining can be applied to supply chain systems, where
a lack of data aggregation can lead to difficulties when identifying process instances. This is due to
the way the data is logged, as logistic systems often do not use events to log data [38]. The logistics
domain is also challenged by often having multiple parties involved, resulting in duplicate data and
different data formats [48].
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2.4 Opportunities and Challenges

The application of process mining can bring both opportunities and challenges. Martin et al. have
researched these opportunities and challenges for process mining in organizations by using a Delphi
study [81]. They defined them as follows.

Definition: ”An opportunity is a favorable circumstance or an expected benefit for an individual,
a team, or an organization enabled by the use of PM in organizations.”[81]

Definition: ”A challenge is a difficulty or an obstacle that arises when using (or intending to
use) PM in organizations, and that requires a lot of energy and determination from an individual, a
team, or an organization to overcome.”[81]

They proposed a set of 30 opportunities and 32 challenges that can be categorized based on
the BPM core elements being strategic alignment, governance, methods/information technology,
people, and culture [23]. For the opportunities, the methods/IT category is split up into the phases
of the BPM lifecycle, process discovery, process analysis, process redesign and implementation,
process monitoring, and controlling [28]. The research concluded, among others, that academics
and practitioners generally agree with each other when it comes to the relevance of process mining
opportunities. This is quite the opposite with the challenges, as only three were deemed extremely
relevant by both academics and practitioners. This makes it interesting to also look at the differences
in opportunities and challenges between the application domains, as the research did not make a
distinction between domains.
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Chapter 3

Research Method

This section proposes the research methods that will be used to answer the research questions. Two
methods will be used to do this. Firstly, a systematic literature review (SLR) will be conducted to
gather information about the types, perspectives, opportunities, and challenges of the six process
mining domains. Secondly, interviews will be held with domain experts to verify the SLR results.
The method that is used for each research question can be seen in Table 3.1

SLR Expert interviews
RQ1: What types of process mining X
are being applied in the different domains?
RQ2: What process mining perspectives X
are used in the different domains?
RQ3: What are the major opportunities X X
when applying process mining in each domain?
RQ4: What are the major challenges X X
when applying process mining in each domain?
RQ5: Considering the major opportunities X X
and challenges in each domain, what should be
taken into account when applying process mining?

Table 3.1: Research methods applied per research question

3.1 Systematic Literature Review

To find the current opportunities and challenges of process mining in the six main domains, a sys-
tematic literature review will be performed. The systematic literature review consists of two rounds.
The first round is used to select papers about process mining and the domain. The second round is
used to select papers about the opportunities and challenges of process mining. These papers will be
collected using the Scopus database. This database is chosen as [40] showed that it provides a good
balance between relevance and quality, but also covers the majority of process mining-related papers.

8
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3.1.1 Queries

For each domain, a query is created that consists of the name of the domain and ’Process mining’.
Sometimes two terms are used for the name of the domain to ensure more representative papers.
’Information technology’ is added to the ICT domain and ’Banking’ is added to the Finance domain.
A filter is applied that whitelists articles and conference papers to exclude other types of publications.
The full queries can be seen in table 3.2.

Domain Articles Query
Healthcare 339 DOCTYPE ( ar OR cp ) ( TITLE-ABS-KEY ( ”process mining” ) AND TITLE-ABS-KEY ( healthcare ) )
ICT 73 DOCTYPE ( ar OR cp ) ( TITLE-ABS-KEY ( ”process mining” ) AND TITLE-ABS-KEY ( ”ICT” OR ”Information technology”) )
Manufacturing 185 DOCTYPE ( ar OR cp ) ( TITLE-ABS-KEY ( ”process mining” ) AND TITLE-ABS-KEY ( ”Manufacturing” ) )
Education 152 DOCTYPE ( ar OR cp ) ( TITLE-ABS-KEY ( ”process mining” ) AND TITLE-ABS-KEY ( ”Education” ) )
Finance 43 DOCTYPE ( ar OR cp ) ( TITLE-ABS-KEY ( ”process mining” ) AND TITLE-ABS-KEY ( ”Finance” OR ”Banking”) )
Logistics 82 DOCTYPE ( ar OR cp ) ( TITLE-ABS-KEY ( ”process mining” ) AND TITLE-ABS-KEY ( ”Logistics”))

Table 3.2: Queries used for the domains

3.1.2 Paper selection

The papers that resulted from the queries go through two selection rounds. In the first round, the
titles and abstracts of the papers are read. Papers get selected when they present research on process
mining specifically within the given domain. In the second round, the results and discussions of the
selected papers are scanned to determine if they mention opportunities or challenges. It is chosen to
only read the results and discussions as literature sections that mention opportunities or challenges
will likely refer to another paper that is also part of the SLR. This means that the same research is
not counted twice, and it is a time-saving that is needed to make the SLR feasible. In this second
round, the papers are scanned until either an opportunity or challenge is found. If one is found,
the paper is selected. After the second round, we are left with a set of papers on the opportunities
and/or challenges of process mining. These are the papers that will be analyzed further. This
will result in a set of opportunities and challenges per domain. This set will be validated through
interviews with process mining experts. The number of papers per round, per domain can be seen
in table 3.3.

Inclusion criteria query:
-The paper contains the words ”process mining” and ”(domain name)”
-The paper is a journal article/paper or a conference paper

Inclusion criteria first round:
-The paper is about process mining within the specified domain.
-The paper is written in English
-We can access the full paper for free.

Inclusion criteria second round:
-The paper mentions process mining opportunities or challenges in its results or discussion.

9
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Domain Initial search 1st Round 2nd Round
Heathcare 339 227 8
ICT 73 23 17
Manufacturing 185 100 30
Education 152 82 27
Finance 43 17 16
Logistics 82 31 20
Total 874 480 117

Table 3.3: SLR papers

3.1.3 Paper analysis

When a paper is selected for the first round, the titles and abstracts are used to determine the process
mining types and perspectives that have been used in that paper. If this cannot be determined from
the title and abstract, more contents of the paper are read until the types and perspectives used
are known. The types and perspectives are logged in a spreadsheet. Each domain has its own
spreadsheet that contains the title of the paper, the SLR stage the paper is in, the storage location
of a digital copy of the paper, the types used, and the perspectives used. This makes it easy to add
up the types and perspectives that are used in each domain.

The 117 papers that are selected for the second round are analyzed on their opportunities and
challenges. The results and discussions of each paper are read. The opportunities and challenges
that are found are written down in the domain spreadsheet.

The opportunities and challenges are generalized to make comparisons between domains possible.
For example, lowering a student’s chances of failing a course is an opportunity in education but will
not occur in other domains. On the other hand, improving the customer experience by shortening the
reply time of customer service can appear in finance, but is not likely in education. By generalizing
these into Optimize the process to improve the quality of the result, domains can be compared on
their use of process mining to improve the quality of the result of a process. It was chosen not to
reuse the opportunities and challenges by Martin et al., as they defined 30 opportunities and 32
challenges [81]. To make the comparison between domains, a smaller set is required. The chosen set
of opportunities and challenges is explained below.

Opportunities

• Optimize process (Cost and time). Process mining is being used to improve a process by
shortening its duration or lowering the cost.

• Optimize process (Quality of result). Process mining is being used to improve the result
of a process. This can be a higher quality product or a happier customer.

• Check conformance with regulations. Process mining is used to look at the current pro-
cess, and determine if it is performed according to the rules and regulations. These regulations
can come from the organization itself, but also from a governmental level.

• Analyze communication. Process mining is used to look at the interaction between two
entities. In most cases, this is done to optimize the process. This opportunity is for the
discovery of communications that are unknown, but do not aim to optimize.

10



3.1. SYSTEMATIC LITERATURE REVIEW CHAPTER 3. RESEARCH METHOD

• Track performance. This opportunity is similar to Optimize process (Cost and time). The
difference is that process mining is used here to monitor the process. Once something is
detected that is not desired, the process can be optimized to reduce cost and time. To be
categorized under this opportunity, the process mining application cannot directly look for
optimizations but must monitor until deviations are found.

• Identify and predict fraud cases. This opportunity is specific to the financial domain.
It gets its own category as it does not fit others. It does not fit under Check conformance
with regulations, as this category looks at the conformance of the process itself, not of a client.
Whilst it is intended to save money, it does not categorize as Optimize process (Cost and time),
as this aims to save costs by changing the process, not by identifying cases that should not be
accepted.

Challenges

• Handling data from heterogeneous sources. This challenge is on the difficulties that
arise when data comes from different systems and in different formats.

• Low data quality. This challenge occurs when the data is too low in quality to get a
reliable result. Data is considered low quality when it contains incorrect data, missing data,
inconsistent data, or too little data.

• Handling variable data. This challenge occurs when the data is variable in nature. This
occurs when each case is slightly different, resulting in many unique traces.

• Handling private data. This challenge is about handling private data from individuals like
customers and employees.

• Lacking visualizations. This challenge is encountered when the results of a process mining
project cannot be visualized in a way that makes it understandable for people without a process
mining background.

• Large computational costs. This challenge occurs when the analysis of a dataset takes too
long, or too much computational power to make it feasible.

• Reluctant employees. This challenge occurs when employees are not willing to cooperate
with a process mining project.

• Complex process. This challenge occurs when the process is so complex that its analysis
becomes a challenge.

• Low granularity of timestamps. This challenge occurs when the granularity of timestamps
is so low that it becomes a challenge to look at a process from the time perspective.
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3.2 Interview

The systematic literature review gives a scientific view of the challenges and opportunities of process
mining. These findings are validated through interviews. They will be conducted with domain ex-
perts to find out what challenges and opportunities they experienced when applying process mining.
A semi-structured interview is chosen as a research method as it allows for fixed questions about
the SLR outcome and more open questions about their own experience with process mining. This
approach is chosen as it allows for adaptation to each domain expert, as well as follow-up questions
that can help to clarify why certain challenges and opportunities are specific to that domain [36].
The data gathered from the interviews will be used for qualitative analysis.

3.2.1 Expert profile

The participants of the interviews are selected based on their experience with process mining appli-
cations. At least one expert will be found for each domain. They must have been involved with at
least two process mining projects. Experts can have experience in multiple domains. This is bene-
ficial as they can compare opportunities and challenges between the domains. Table 3.4 shows the
experts, the domains that have experience in, and if they applied it as a consultant or for research.

Participant Domains PM Experience in
Expert 1 Finance, Logistics, Manufacturing Consultancy
Expert 2 Finance, ICT, Manufacturing Consultancy
Expert 3 Healthcare, Finance, Logistics Research and Consultancy
Expert 4 Manufacturing, Finance Research and Consultancy
Expert 5 Finance, Logistics Consultancy
Expert 6 Manufacturing, Finance, Logistics Consultancy
Expert 7 Finance, Healthcare Consultancy
Expert 8 Education, Healthcare Research
Expert 9 Finance, Healthcare, Manufacturing, Logistics Research and Consultancy

Table 3.4: Domain Experts

3.2.2 Interview setup

The interview consists of three main parts, the experience of the experts, a discussion of the SLR
outcome, and a comparison of multiple domains. The protocol used for the interview can be found
in appendix A. Prior to the first part, a short introduction to the research is given as the experts can
give more useful answers knowing what the research is about. The introduction should not guide
the expert to certain answers. Therefore examples of challenges and opportunities can not be given.
The experts are asked to answer the questions from the perspective of their domain. Meaning that
their own experience, but also the experiences of colleagues from the same domain can be used. If
an expert has also worked in other domains, they should clearly state what domain they are talking
about when answering the questions.

In the first part of the interview, the experts are asked about their experience with process mining
within their domain(s). They are asked what opportunities process mining brought them, and why
they applied it. They are also asked if they ever ran into challenges whilst applying process mining,
and how they dealt with them. If they have experience in multiple domains, it is asked how these
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opportunities and challenges compare between domains. These questions are asked before sharing
the SLR results to get an unbiased insight into the experiences of the experts, possibly resulting in
new opportunities and challenges.

The second part of the interview is about the outcome of the systematic literature review. This
outcome could contain opportunities and challenges that have not been mentioned in the first part.
The experts are asked if they have experience with these opportunities and challenges and how they
view them. If the SLR has an outcome that contradicts the experience of the expert, this is discussed
to find out where the difference comes from.

The third part of the interview compared the domains. If experts have experience with multiple
domains, questions are asked to compare the opportunities and challenges of those domains. After
this part, some finishing questions are asked to conclude the interview.

3.3 Combining results

The interviews are recorded and transcribed. These transcriptions are used to create a spreadsheet
with all opportunities and challenges, whether they have been confirmed or denied, and by which
expert. It also includes a list of interesting comments by experts. Newly found opportunities or
challenges are added as well. This list is used to validate the SLR outcome. The results of both the
SLR and site interviews are compared and discussed in the Chapter 4.

3.4 Recommendation Infographics

To answer RQ5, the outcomes of the SLR and the expert interviews are combined to create six
infographics, one for each domain. These infographics will show inexperienced process miners what
opportunities they can expect, and what challenges can occur when applying process mining in their
domain. It will recommend techniques and methods that are suited to overcome specific challenges.
These techniques and methods will be found by searching existing literature and the papers selected
from in SLR. They can also come from the experience of the experts in the interview, as they are
asked how they dealt with the challenges they faced.
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Chapter 4

Results

This section presents the results of the systematic literature review and the expert interview. It aims
to answer RQ1 and RQ2 by analyzing the papers that resulted from the first selection round. Their
titles and abstracts have been analyzed to look into the types and perspectives of process mining
that have been used. They have also been filtered for the second selection round, resulting in 117
papers. To answer RQ3 and RQ4, these papers have been analyzed on the opportunities and/or
challenges that they mentioned. The number of papers per round, per domain has been given in
table 3.3 of the previous chapter.

4.1 SLR Results - Types and Perspectives

The three types of process mining are discovery, conformance, and enhancement. Each type has a
different goal. Discovery aims to construct a process model, conformance compares existing models
of expected behavior with models of observed behavior, and enhancement aims to extend or improve
a process based on undesired behavior. Whilst these are three different types, they overlap. If you
want to check conformance, you also need to discover the as-is process, and if you want to enhance
a process, you could need to check the conformance to find out what needs to be improved. Because
of this overlap, the analysis of types of process mining used looks at the main application of that
paper. A paper on the improvement of a financial audit is classified as enhancement, even though
the process also had to be discovered before it could be enhanced. However, some papers are
focused on multiple types. For example, a paper that analyzed a course for conformance in one
chapter, and looked for possible enhancements in another. Because of this, some papers have been
classified as multiple types. The same goes for the perspectives, being control-flow, organizational,
case, and time. Some articles looked for process improvements from multiple perspectives, like time
and organizational. They have been classified with multiple perspectives. There were also a few
papers that could not be classified. For example, one paper looked into repairing missing event logs
without applying process mining [100]. When it is not applied, the type and perspective cannot be
determined. The classification of the types and perspectives is based on the titles and abstracts of
the papers. When this did not provide enough information, the paper was scanned until the type
and perspective were confirmed.

For the healthcare domain, an existing mapping study already looked into the types and per-
spectives of process mining within that domain [21]. These results were reused with some slight
alterations. In their results, they also included an ’other’ section. This was removed as papers
without types or perspectives were not taken into account when analyzing other domains in this
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research. The mapping study also made more detailed distinctions between perspectives like Pre-
dictive analysis for case, disease, and care management and Deviation detection - outliers. Both
belong to the case perspective and have been combined for this research. A division of the types per
domain can be seen in table 4.1. The table shows the absolute number of articles that contained the
process mining type. Figure 4.1 shows the same results in percentages. The same can be seen for
the perspectives in table 4.2 and figure 4.2.

The data in table 4.1 and figure 4.1 can be used to answer RQ1: What types of process mining
are being applied in the different domains? On average, the most used type of process mining is
discovery, being used in 52% of papers. Enhancement comes in second with 30%, followed by con-
formance with 18%. The results show little variation between the domains. When looking at types,
the use of discovery stands out for the educational domain. Many papers looked into the behavior
of students to understand their behavior. Some papers did look to improve the learning process, but
most only looked into the behavior of students. This could be why education uses more discovery
and less enhancement compared to the average. What also stands out is that logistics had a higher
percentage of conformance compared to the average. This could be explained by the complex nature
of logistical processes. A deviation is more likely to occur in a large, complex process. Checking the
conformance to find these deviations could therefore be more logical in complex logistical processes,
compared to other domains.

Discovery Conformance Enhancement
Healthcare 97 47 67
ICT 13 5 11
Manufacturing 60 19 35
Education 59 12 19
Finance 11 3 6
Logistics 18 9 10
Total 258 95 148

Table 4.1: Number of papers containing process mining types per domain

Figure 4.1: Process mining types per domain in percentages
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The data in table 4.2 and figure 4.2 can be used to answer RQ2: What process mining perspectives
are used in the different domains? The most used perspective is control-flow, covering 45% of cases.
28% uses process mining to look from an organizational perspective, followed by time with 18%, and
case with 10%. Comparing the perspectives of individual domains, it stands out that manufacturing,
finance, and logistics are relatively focused on the time perspective. This could be explained by the
large financial benefits that result from lowering process times in those domains. Education is more
case-focused as a number of papers researched the specific characteristics of students that resulted
in a dropout or failing a course. They also have a lower focus in the time perspective. Possibly
because education is more focused on the quality of learning, not on the speed of learning.

Control-Flow Organizational Case Time
Healthcare 36 26 6 14
ICT 17 9 3 4
Manufacturing 57 30 15 33
Education 47 33 19 8
Finance 13 8 3 6
Logistics 19 13 2 11
Total 189 119 48 76

Table 4.2: Number of papers containing process mining perspectives per domain

Figure 4.2: Process mining perspectives per domain in percentages
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4.2 SLR Results - Opportunities and Challenges

This section aims to answer RQ3: What are the major opportunities when applying process mining
in each domain? and RQ4: What are the major challenges when applying process mining in each
domain? by showing the results of this analysis per domain. It does this by analyzing the 117 papers
that were selected for the second round of the SLR. The opportunities and challenges mentioned in
these papers are analyzed as described in section 3.1.3. Specific opportunities and challenges have
been generalized to make it possible to compare them between domains. If two opportunities are
in the same category this does not mean they are the same, there are still domain-specific nuances.
For example, tracking the performance of a process could look at a machine in manufacturing or a
student in education. All nuances are explained per domain in the sections below. An overview of
all opportunities and challenges that resulted from the SLR can be seen in table 4.3 and table 4.4,
with references to the papers that mentioned them.

Opportunities Healthcare ICT Manufacturing Education Finance Logistics

Optimize the process
(Cost and time)

[21]
[6][136][34]
[147][83]
[43][57]

[72][2][19]
[35][12][75]

[116][118][110]
[123][92]
[70][86]

[88][51][98][10]
[3][76][41][25]
[89][24][32][42]
[115][125][17]

[5][73][145]
[14][117][143]
[140][50][94]
[141][37]

[132][9][96]
[144][58][106]
[59][56][53]
[134][135][67]

Optimize the process
(Quality of result)

[21]
[6][66]
[7][39]

[87] [29]
[69][68]

[82][31][16]
[32][91]

[138][137][140]

Check conformance
with regulations

[21] [29][68][69] [98][120][111] [62][126][56]

Analyze communication [128]

Track performance

[61][113][107]
[60][87] [118]

[70][55]
[11][109]

[95][49][126]

Identify and predict
fraud cases

[14][74][141]

Table 4.3: Opportunities per domain

4.2.1 Healthcare

The systematic literature review for the healthcare domain was simplified due to an already existing
mapping study [21]. This mapping study analyzed papers on process mining in healthcare and
summarized the opportunities and challenges that depict the domain. The inclusion criteria used
are comparable to the criteria for the SLR in this thesis. All papers conducted from the SLR that
have been published after the mapping study have been analyzed on the inclusion criteria for the
second round. Seven of those papers ended up containing opportunities and/or challenges that
depict the healthcare domain. However, all have been mentioned in the mapping study, meaning no
new opportunities or challenges have been found in later literature.

Opportunities In healthcare, a process can be optimized with two goals in mind. Firstly to
reduce the cost and time of the process. This can be done by finding bottlenecks, such as long
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Challenges Healthcare ICT Manufacturing Education Finance Logistics
Handling data from
heterogeneous sources

[21] [136]
[113][12][101]

[112][27]
[124][93] [18][50] [95][49][59]

Low data quality [21]
[136][147][54]
[83][133][133]

[35][12][60]
[51][99][90]
[111][24]

[74][18][140]
[50][121]

[77][96][58]
[106][59][135]

Handling variable data [21] [124][24]
Handling private data [21] [15] [84]

Lacking visualizations [7] [51][76]
[138][140]
[141][37]

[77]

Large computational
costs

[46]

Reluctant employees [119]

Complex processes [124][3][24]
[49][97][59]

[8]
Low granularity
of timestamps

[94] [22][58][59]

Table 4.4: Challenges per domain

waiting times for a simple approval, or a waste of resources. Whilst reducing cost and time also
benefits the patient, process mining can also help to improve the quality of the medical care itself.
Recognizing patterns in medical conditions can help doctors by suggesting diseases that were found
in patients with similar conditions. Whilst these results are by no means medical advice, it could
help to find a solution quicker. The quality of a medical process could also be improved by lowering
waiting times for appointments.

Challenges The challenges in the healthcare domain are all data-related. The sector is charac-
terized by the use of many different systems, each with its own way of logging data. This results
in varying data formats that are difficult to combine. However, combining this data is necessary to
get a complete picture of the patient flow. Applying process mining in healthcare therefore involves
a lot of pre-processing. This pre-processing is also needed for another challenge, which is the low
data quality. Using low-quality data for process mining can lead to unreliable results that could be
dangerous when applied in healthcare. The privacy of the patients is also considered a challenge.
Medical data is private and sensitive, thus handling this data must be done with the patient’s privacy
in mind. The last challenge is the variability of patient data. All patients have different bodies that
behave and react in different ways. Two patients with the same condition might get different treat-
ments based on their circumstances. This results in many different patient flows, creating spaghetti
models that make it difficult to recognize patterns.

4.2.2 ICT

For the ICT domain, the SLR resulted in 17 papers that contain opportunities and/or challenges.
Most are shared with other domains, but there are some that characterize the ICT domain.

Opportunities The opportunities in the ICT domain mostly speak for themselves. Process
mining applications are used to analyze how a process can be improved regarding cost and time
[6][136][34][147][83][43][57], or quality [6][66][7][39]. The quality aspect regards the users that use
the ICT systems. Data is mined on how users interact with a system, which can be used to introduce
quality changes. An opportunity that is specific to the ICT domain is to analyze the communication
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between software components to check conformity with the desired behavior [128].
Challenges The ICT domain has some data-related challenges. Low-quality data, specifically

noisy data and missing timestamps, make it difficult to get accurate results from a process mining
project [136][147][54][83][133][133]. The data can not only be low quality but also be different in
formats. Just like in other domains, this can occur when data is gathered from heterogeneous sources
[136]. One paper focused on the privacy of data, and how it hinders process mining applications [15].
As they are mostly performed by external parties, the companies have to share their data with them.
Trusting other parties with your confidential or private data, along with the legal complications of
sharing it can cause some companies to step away from process mining analyses. The scalability of
ICT projects also poses a challenge, as large data sets can take many resources to analyze. Both in
terms of time and computational costs [46]. It was also mentioned that the visualizations to present
process mining results are lacking, making it difficult to share the outcome with users without a
process mining background [43].

4.2.3 Manufacturing

In the manufacturing domain, 30 papers have been found that contain opportunities and/or chal-
lenges.

Opportunities The largest opportunity in manufacturing is the optimization of a process. An
optimization can be in terms of production costs [35][123], manufacturing speed [2][110][92][86],
and reducing waste materials [19]. But also a combination of these [72][12][19][75][116][118][70]. It
can also be optimized to produce a higher quality product [29][87][68][69]. Another opportunity
that eventually leads to an optimized process is the prediction of machine failure to prevent failure
[55][11][109]. By tracking the performance of machines, it can be predicted when they need repairs.
Parameters can be tracked that might indicate wear, but the total running time of a machine
can also be an indicator. Planning the maintenance is also part of this opportunity. Downtime
is never optimal, but certain timings have less effect on the production. Maintenance of multiple
machines can also be simultaneous, reducing the total downtime of a factory. Tracking KPI’s for the
performance and conformance of a manufacturing process can show if it still produces the desired
results [61][113][107][116][118][70], and if it complies with regulations [29][68][69].

Challenges Just like all other domains, data coming from heterogeneous sources is a challenge in
manufacturing, as multiple machines with different logs are involved in a process [113][12][101][112][27].
The same goes for low data quality [35][12][60]. Data is not always suited for process mining and
its availability is limited. A different challenge that is not seen in other domains is the reluctance
of employees toward process mining initiatives [119]. When employees are ill-informed, they could
fear that the analysis results in a change to the workflow they are accustomed to. In worse cases,
they fear that their work will be automated. In lesser cases, they feel watched and hindered in their
privacy. Hence the challenge of handling private data in this domain [84]. Luckily a case study
showed that employees are no longer reluctant to process mining applications once it is explained
to them [119]. Being ensured that their work will not be replaced and that workflow changes will
only make their work easier is an effective way to counteract this challenge. Proving that the data
is anonymized and cannot lead back to individual employees helps with their privacy concerns.
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4.2.4 Education

For the education domain, a total of 27 papers have been found that contained opportunities and/or
challenges.

Opportunities When process mining is applied to analyze the learning behavior of students,
it can be on a small or large scale. The large scale analyzes the student’s academic career. Here,
process mining can help to track the progress of students and recognize patterns that can lead
to dropouts or course failure [3][111][24]. The small scale looks at student behavior within one
course or assignment. It can analyze how students make assignments or tests to see what questions
are difficult, but also to check when students guess the answer [91]. The career of a student can
be optimized in terms of time and costs [88][51][98][10][3][76][41][25][89][24][32][42][115][125][17] by
identifying bottleneck courses that have high failure rates and can lead to graduation delays[16].
The quality of that course can then be improved to prevent the bottleneck [82][31][16][32][91]. It
can also be used to check course compatibility with regulations and guidelines [98][120][111].

Challenges Similar to healthcare, educational process mining is largely focused on analyzing
human behavior. Because each human is unique, the learning processes are highly variable [124][24].
Even when two students follow the same set of courses, they can be taken in a different order,
further adding to the variability. Most students take multiple courses at once, resulting in concurrent
processes that are complex to analyze [124][3][24]. The domain also struggles with data coming from
multiple sources [124][93]. A standard for collecting data is clearly missing, resulting in different data
formats that take time to combine. As in the other domains, the data needs to be of high quality
in order to get reliable results. Low-quality data therefore poses a challenge [51][99][90][111][24].
Other domains also talk about the lack of good visualizations to present the models. With the high
variability of educational data and the spaghetti models it produces, a good visualization is difficult
to achieve [51][76].

4.2.5 Finance

Regarding the financial domain, 16 papers have been found that contain opportunities and/or chal-
lenges.

Opportunities The application of process mining on financial processes presents three op-
portunities. Firstly, it is used to identify fraud cases [14][74][141]. By analyzing existing fraud-
ulent and regular cases, the likelihood of a new case being fraudulent can be predicted. Be-
sides the prediction of fraud cases, financial processes such as loan applications are also ana-
lyzed. This can detect bottlenecks or inefficiencies that can be optimized to save costs and time
[5][73][145][14][117][143][140][50][94][141][37]. Saving time also improves customer satisfaction as
they receive their results faster [138][137][140].

Challenges Loan applications are processes that involve a bank and a client. These two parties
both perform actions, but only the system of the bank produces logs accessible to the bank. When
the granularity of timestamps is too low, for example when only the end time of an activity is
logged, bottlenecks on the bank’s side can be mistaken for late replies from clients [94]. Whilst
low granularity might also occur in other domains, the two-way communication between bank and
client turns it into a challenge. As in some other domains, financial institutions also use multiple
systems that produce logs in different formats [18][50]. Lacking visuals to present the results of the
process mining project has also been mentioned as a challenge [138][140][141][37], along with low
data quality [74][18][140][50][121].
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4.2.6 Logistics

When it comes to logistics, 20 papers have been found that contain opportunities and/or challenges.
Opportunities The Logistic domain shares similarities with manufacturing. Some papers even

discussed both domains as they have comparable characteristics [49][8]. All logistical opportunities
are also present in manufacturing. Process mining is used to track how a process performs, search-
ing for changes that have a negative impact on its performance [95][49][126]. The complex logistical
models can be analyzed to find bottlenecks that can help whole supply chains when removed, re-
sulting in time and cost savings [132][9][96][144][58][106][59][56][53][134][135][67]. Conformance with
regulations can also be checked by logging logistical data [62][126][56].

Challenges The challenges in logistics are a bit more unique due to the complex and fluctuat-
ing nature of its processes [49][97][59][8]. They can involve multiple systems and can change over
time. This can result in complex models that are difficult to understand. Combining the data
from these different sources also poses a challenge [95][49][59]. The low granularity of timestamps
is seen as a challenge in the logistical domain as some supply chains are scheduled by the minute.
Not knowing when exactly a transport is finished hinders this tight scheduling [22][58][59]. Lack-
ing visualizations representations of results [77] and lower data quality have also been mentioned
[77][96][58][106][59][135].

4.3 Interview Results

To validate the outcome of the SLR, interviews were conducted with process mining experts. This
section discusses the results of the interviews. The setup of the interview was discussed in section
3.2. This section also contains table 3.4, showing the experts, along with the domains they have
experience with.

The experts have been asked about their experience with the opportunities and challenges that
resulted from the SLR. They agreed with each other in most cases, confirming or denying the
opportunity or challenge in their domain. There are however some interesting cases where their
options contradict, and some experts came up with new challenges that have not been found in the
SLR. As some experts had experience in multiple domains, it was possible to compare challenges
between domains. The sections below give further explanations of the interview results.

4.3.1 Healthcare

With regards to the challenges in the healthcare domain, there is one confirmed challenge that is also
seen in most other domains, being that data often comes from heterogeneous sources. A comparison
of this challenge between the domains is discussed in section 4.3.7. Another data-related challenge
that was confirmed is the variety of the data. As patients can have many factors that influence
their treatment, it becomes difficult to generalize their treatment processes. The challenge where
patient data is difficult to acquire due to privacy regulations was also confirmed. Expert 1 (with
experience in finance, logistics, and manufacturing), noted that this is most difficult when projects
are still a proof of concept. When they become full projects supported by management, it becomes
easier to access data. This could also be true in healthcare. As for opportunities, it was confirmed
that process mining is used in healthcare to optimize cost, time, and patient care and also to check
compliance with regulations.
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4.3.2 ICT

Only one expert was found with experience in the ICT domain, though its main expertise is in
finance. This expert did not encounter most challenges but was not experienced enough to deny
they existed. The process mining projects of the expert were not big enough to experience large
computational costs when using large datasets. The other challenges were acknowledged, but not
solely in ICT. These challenges could therefore not be confirmed as ICT-specific. The expert never
used process mining to analyze communication between software components. This does not rule out
its use, but this opportunity was neither confirmed nor denied. Optimizing the process in terms of
cost, time, and quality was acknowledged, but this was also seen in other domains and not confirmed
as ICT-specific.

4.3.3 Manufacturing

The confirmed challenges in the manufacturing domain are on handling data from heterogeneous
sources, and the low quality of that data. Whilst literature hinted that some employees might be
reluctant to cooperate with a process mining project due to a fear of being replaced, experts 1 and
3 did not agree with this standpoint. In their experience, process mining is not being applied to
track the performance of individual employees, and process changes more often lead to different or
optimized workflows rather than layoffs. Because process mining is not applied to track individuals,
there is no need to store private data about employees without anonymizing it. In addition, most
data in this domain is produced by machines, so working with private data in manufacturing is not
seen as a challenge by the experts. The opportunities in manufacturing have been confirmed, as
process mining is being used to track the performance of machines and predict failure. Processes
are also being analyzed to optimize them and to ensure conformance with regulations.

4.3.4 Education

The typical challenges of process mining in education that have been found in literature and con-
firmed by experts are mostly data-related. Data is spread out between varying systems and collecting
and combining this data poses a challenge. Whilst the data from heterogeneous sources is a chal-
lenge, expert 8 says a standard for data gathering is missing. Combining data from multiple sources
would not be as big of a challenge if all systems followed the same standard. This standard is not
just missing between, but also within educational institutes. The complex nature of the data itself
is also a confirmed challenge. When it comes to analyzing data on courses and study paths, the
processes can have concurrent activities, for example when a student follows multiple courses in the
same period. Sometimes two students can take the same courses, but in a different order, or have
mostly the same program with a difference of one or two courses. This leads to high variability in
the learning processes, as many unique combinations can be made. A new challenge that was not
found in literature is oversimplification, brought up by expert 8. This challenge became clear from
the interviews. Oversimplification in this domain occurs because conclusions are drawn based on
human actions. For example, when a student fails a course, it is easy to assume that the student
struggles with the materials of that course. However, there can also be other unpredictable reasons
that can lead to failing a course such as traumatic experiences or illness. Low-quality data and
visualizations are present in education but are not seen as a domain-specific challenge according to
expert 8. All opportunities that were found in the SLR have been confirmed by experts. Process
mining is used in education to track the performance of students. The behavior of students during
exams and exercises is analyzed to improve the questions. Their behavior is also analyzed through-
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out their academic career to recommend courses and prevent dropout. It is also used to check if a
course still complies with the guidelines and regulations to ensure the quality of the course.

4.3.5 Finance

Experts 2, 4, and 5 confirmed that data coming from heterogeneous sources is also a challenge in
the financial domain. A comparison of the domains regarding this challenge is given in the section
shared challenges. The challenge where a lack of timestamps makes it impossible to determine if
an activity is delayed or waits on a response from the customer is acknowledged by the experts but
was not seen as a big issue. A new challenge in the financial domain that became clear from the
interview with expert 4 is that legacy systems are still in use. Retrieving data from these older
systems can be difficult as some systems were developed in the 80s, before process mining existed.
The experts do not agree with each other when it comes to data privacy. Experts 6 and 8 argued
that privacy regulations made it more difficult to acquire data. Experts 4 and 7 on the other hand
never encountered this problem, as personal data is often not needed for analysis. There is no need
to use personal data, as this does not add value to the analysis of a process. Cases of the same
person can be linked with a case ID. As for opportunities, it was confirmed that process mining is
used in the financial domain to identify and predict fraudulent cases. Analyzing loan applications
to improve their cost and quality is also confirmed.

4.3.6 Logistics

In the logistics domain, the challenge of data coming from heterogeneous sources was recognized
by all domain experts. Another challenge that was confirmed is the low granularity of timestamps.
For example, only after an activity has been completed was a timestamp logged. This makes it
difficult to calculate the activity time. An easy fix would be logging a timestamp when an activity
starts, and one when it is completed. Expert 6 suggests this is not being logged in systems as the
logs are not created with process mining in mind. Changing the way processes are logged can be
a big ask for the person who executes a process mining project. As they are often a third party
that is asked to analyze a process, the company that hires them is not always willing to change
their systems just for a process analysis. It was also confirmed that logistical processes can be quite
complex. For example, transporting a container can take months and could take over 300 activities
to complete. Analyzing processes of this size can be challenging. The challenges of low data quality
and lacking visualizations were not seen as domain-specific. When it comes to opportunities in the
logistical domain, process mining is being used to reduce export time and determine the performance
of processes. It is also confirmed that process mining is used to track conformance with regulations
in logistical processes.

4.3.7 Shared challenges

Heterogeneous data
Data that comes from heterogeneous sources, also known as data triangulation, is a challenge that
occurs in all domains. This makes it a challenge that is more general for process mining, but there
are still domain-specific nuances. Some experts with experience in multiple domains compared this
challenge between them. They agreed that logistics suffers the most from this challenge. Expert 6
explained that a logistical process, like shipping a container, is a large process that can consist of
up to 300 steps. These steps are performed by various systems, as a container is handled by multi-
ple companies. Compared to a financial process, which often has smaller high-frequency processes,
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it is likely that logistics suffers more from data triangulation. Expert 8 compared this challenge
between the educational and healthcare domains, where healthcare seems to struggle more with it.
The reasoning was that the healthcare sector has a larger focus on saving costs, resulting in more
competition and therefore, more different systems. Healthcare systems are also updated more often,
resulting in more changes in the log output.

Handling private data
Handling private data poses a challenge in multiple domains. Not only because the data should
be treated with care, but also because it can be difficult to access. Privacy in healthcare, ICT,
and manufacturing have already been discussed. Comparing these domains, it is clear that health-
care deals with this challenge more than the others. Patient data is private and sensitive. Getting
approval to use the data for process mining is therefore a difficult and time-consuming task. In man-
ufacturing some thought needs to be put into minimization, but most data is produced by machines
and does not contain private information. In ICT the challenge was not seen as domain specific.
A few experts also started to talk about privacy in other domains. Whilst not being a challenge
according to the SLR results, experts in finance had some interesting thoughts on it. Experts 6
and 8 argued that the financial data of customers can be difficult to access, as this is private data
that can have big consequences when leaked. Experts 4 and 7 did not disagree with the importance
of the data, but in their experience, financial data was anonymized to the extent that it did not
pose issues. Data containing private information is not needed to get the desired process mining
result. Combining these arguments, handling private data is a challenge in the financial domain.
It can however be overcome by anonymizing the data, as is already being done in some organizations.

Low data quality and Lacking visualizations
When it comes to low data quality, no clear distinction between domains can be made. Expert
4 suggests that older systems produce lower-quality data, but this is not always the case. This
challenge seems to be a more general challenge for process mining that applies to all domains. The
same goes for the visualizations of results. Sharing these results with management is a challenge
that experts have experienced, as it is difficult to present the results so that they can be understood
by people without process mining experience. They did not see this as a challenge that differs per
domain.
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Chapter 5

Infographics

The objective of this research is to make new process mining users aware of the opportunities and
challenges that can arise when applying process mining by listing the relevant opportunities and
challenges that are specific to the six main application domains. The systematic literature review
and the expert interviews resulted in a detailed answer to this objective. This chapter aims to an-
swer RQ5: Considering the major opportunities and challenges in each domain, what should be taken
into account when applying process mining? by visualizing those results. It does this by creating
an infographic per domain that summarizes the opportunities and challenges. Its goal is to inform
inexperienced process miners about the major opportunities that process mining can bring to their
domain, as well as the challenges that they can encounter. Recommendations are made to deal with
those challenges. The infographics can be seen on page 27. The sections below will provide reasoning
behind certain recommendations that have been given in the infographics.

Recommendation for private data
The experts had mixed opinions on the topic of data privacy. There is an agreement on its impor-
tance, but it does not always lead to a challenging situation. When it does, accessing the data is
difficult because of regulations on sharing private data, but also because the data must be handled
with care to protect people’s privacy. Both challenges can be mitigated by anonymizing the data.
When the dataset cannot be used to get information of individuals, their personal information is
protected. Experts also said that data is more accessible when you only request the data you need.
Often, non-anonymized personal data is not needed for a process mining analysis, as this mostly
looks at the whole process. This is a general recommendation, as all domains could encounter
personal data.

Recommendation for complex data
The logistics domain needs to deal with large, complex, dynamic, and noisy processes. The challenge
of dealing with this data can be mitigated by applying certain methods. Using a clustering method
can help with the complex and dynamic nature of the data [49]. Clustering puts traces that behave
in a similar way or show similar patterns in one group. By doing this, multiple slightly different
flows can be seen as one. This lowers the number of different flows, making the model less complex.
It can also help with the identification of concept drift [97]. To deal with the noise that is often in
logistical data, a miner heuristic, genetic, or fuzzy miner can be used as these can handle noisy data
well. For logistics, a fuzzy miner is recommended as can handle complex and dynamic processes
better than a heuristic or genetic miner [106] [64].

Dealing with complex data is also a challenge in healthcare and education, especially the variety
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of the data. A clustering method can also be applied in these domains to get more structured results
[4]. A fuzzy miner is also effective in these domains when dealing with complex data [91].

Recommendation for low quality data
Improving the quality of data can be done by pre-processing it. This takes time but is needed to
get accurate results [74][51]. The garbage in = garbage out principle applies here. When you use
low-quality data for process mining, the result will be of low quality [99]. The data quality can
also be improved by changing the way in which systems log data. This can be difficult to change
and only impacts newly generated data, but it could be worthwhile for continuous process mining
applications.
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Chapter 6

Discussion

This chapter discusses the outcome of this research by comparing the results to existing literature.
Threats that can influence the validity of this research are discussed, and suggestions for future
research are given.

6.1 Results compared

6.1.1 Opportunities and Challenges

The systematic literature review from this thesis resulted in a set of six opportunities and nine
challenges. Comparing this set to the 30 opportunities and 32 challenges by Martin et al. [81] shows
some interesting differences. Martin et al. found a lot more practical opportunities and challenges.
For example, the challenge Lack of management support about the struggle to convince management
of the benefits of process mining. Their approach, a Delphi study with experts, might explain this.
Martin et al. constructed their list of opportunities and challenges based on brainstorming sessions
with experts. These experts were both practitioners and researchers. In this thesis, the list of
opportunities and challenges was constructed by findings from papers and journals. This gives the
set by Martin et al. a practical and research perspective, and the set in this thesis only a research
perspective. The expert interviews from this thesis did bring some practical insights, like the use of
legacy systems in finance. However, these insights came after the construction of the opportunities
and challenges.

Comparing the sets is possible, though difficult due to the difference in size. The biggest op-
portunities from Martin et al. are quite similar to those in this thesis. Their largest opportunities
are Evaluating business process performance, Enhancing business process improvement and redesign,
and understanding business process compliance. these are comparable to Track performance, Opti-
mize the process (cost and time), and Check conformance with regulations respectively. However, it
should be made clear that the opportunities in this thesis are a lot broader.

Comparing the challenges sees more differences. The largest challenges from Martin et al. are
Poor data quality, Unavailability of data, Insufficient technical skills, Insufficient analytical skills,
Insufficient process orientation. The first two can be linked to Low data quality from this thesis.
The other three look at more practical challenges. It seems that the literature used for the SLR
assumed that process mining is being applied by experts, as it did not mention a lack of skills as a
challenge. This could also be due to the difference in perspectives, as Martin et al. also included a
more practical perspective in their set.
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Another contradiction is that the SLR from this thesis concluded that multiple domains struggle
to visualize the data in a way that is understandable for people without process mining experience.
Martin et al. on the other hand found that over two-thirds of experts see Generating intuitive visu-
alizations for business users as an opportunity of process mining. It could be that visualizations of
a process are not always good enough, but process mining does enable these visualizations. Having
a way to present a process is better than no way at all.

The challenges from this thesis can also be compared to a set of challenges that are listed in
the process mining manifesto [129]. Two of these challenges are drivers behind this thesis, being
improving the usability and understandability of process mining for people without process mining
experience. These are challenges for process mining as a concept. This thesis looked challenges of the
implementation of process mining, making some challenges incomparable. What can be compared
is the challenge on Finding, merging, and cleaning data. This challenge from the manifesto covers
both Handling data from heterogeneous sources, Low data quality, and low granularity of timestamps.
The manifest also has a challenge on Dealing with complex event logs having diverse characteristics,
which is similar to Complex processes. Their other challenge on Cross-organizational mining also
overlaps with Handling data from heterogeneous sources.

6.1.2 Types

A paper by Stefanovic et al. [118] also researched the types of process mining used, specifically within
the manufacturing domain. They found that all cases used discovery, 57% of cases used enhancement,
and 28% used conformance. This differs from the percentages in this thesis, as they looked at all
types used. In this thesis, the focus was on the main type used. When you apply enhancement, you
need to discover the model first. Comparing the discovery type therefore becomes difficult, but the
ratio between enhancement and conformance can be compared. With 28% and 57%, Stefanovic et al.
found that enhancement is used about twice as much as conformance in manufacturing. The results
of the SLR are quite similar, with 17% conformance and 31% enhancement, which is also about
double. Note that these are percentages, meaning they are influenced by the use of the discovery
type. Because of this, the ratio between conformance and enhancement is used.

6.2 Threats to validity

Domain experts

Finding enough experts that are willing to participate in the interview was not a challenge. However,
finding experts in education was difficult. Only one expert was found, giving only one person’s
opinion on the results for the education domain. Whilst more experts would have been desirable,
the expert was very experienced within the domain, having spent over 10 years applying educational
process mining. The same applies to the ICT expert.

Paper databases

Only one database, Scopus, is used to search for papers in the systematic literature review. This
database is chosen as it provides relevant results when searching for process mining papers. A study
[40] showed that Scupus covers 73% of relevant papers on process mining. Adding a second database
such as Google Scholar would bring this up to 96%. A test was run using Google Scholar and Scopus,
but this resulted in too many papers that needed to be analyzed, making it not feasible to use for
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this project. Using Scopus resulted in 874 papers, and adding Google Scholar resulted in roughly
8000. Given that most relevant papers would still be found with Scopus, Google Scholar was not
used for the systematic literature review.

Dependency

This research is heavily dependent on a paper by Garcia et al [26]. It is used for the selection of
the process mining application domains. The top six domains that resulted from this research form
the basis of this thesis. Given that the author is well respected within the process mining research
community, and the paper is cited quite often considering its publication date, it is trusted that this
dependency does not hinder the quality of this research.

Research vs Practice

Whilst the top six process mining domains in research come from a reliable source, it does not mean
that it is comparable to the top six application domains in practice. An expert had his doubts about
the top six during the interview. This was mostly due to the order, which does not hinder the results
of this thesis. It was suggested that in practice, governance is a domain that could take the spot
of education in the top six. This is the number 7 in the ranking by [26]. Whilst there would have
been some value to adding governance, a cutoff point had to be made somewhere, and including all
domains would exceed the scope of this thesis.

ICT Domain

The ICT domain came with some difficulties during this research. As all process mining projects
need digital systems, it was difficult to distinguish between ICT-specific and general opportunities
and challenges. This also explains the lack of domain-specific results for ICT.

6.3 Future work

Domains or process types

Future research could look into the difference in process mining in another way. This thesis made
decisions based on the domain in which process mining is applied. The type of process can also be
used to look at differences. For example, a financial process can be applied in multiple domains.
If it is applied in healthcare, that process likely has more financial characteristics than healthcare
characteristics. A financial process within healthcare could have similar opportunities and challenges
to the results of the financial domain in this thesis. However, it could be interesting to see if there
are differences.

Growing process mining

Another topic that future research can look into is the more practical side of process mining im-
plementation. Process mining projects often start out as a proof of concept that needs to prove its
capabilities. Persuading management to use process mining should not be as difficult as it currently
is, given the opportunities it can bring. This could be because process mining is relatively young
and unknown. Future research could look for ways to make process mining more popular, and make
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it grow as a method. It can be compared to other methods to see why they are chosen. Finding out
how process mining can be improved to be a preferred method would be interesting.

Easier implementations

This thesis aimed to make process mining more understandable for people without process mining
experience. Actually implementing process mining is another step. There are already easy-to-use
tools that can help you to analyze a data set. But how does a new user get that dataset? Researching
easy methods to extract data from systems and preparing that data could be interesting. Coming
up with a method that makes this simple for new users can make process mining more accessible to
a wide audience.
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Chapter 7

Conclusion

This thesis set out to make inexperienced process miners aware of the opportunities and challenges
that can arise when applying process mining by listing the relevant opportunities and challenges
that are specific to their application domain. It did so by performing a systematic literature review
that included papers from the six main process mining domains: Healthcare, ICT, Manufacturing,
Education, Finance, and Logistics. The papers were analyzed to find out what type of process
mining is being used the most. Across all domains, discovery is used for 52% of cases, conformance
18%, and enhancement 30%. There were some minor differences in these numbers for the individual
domains. The same accounts for the process mining perspectives, where in all domains control-flow
was used 41%, organizational 25%, case 10%, and time 15%. The systematic literature review further
analyzed papers that mentioned opportunities and challenges that occurred during a process mining
application. General opportunities have been found that apply to all domains, such as optimizing
the process to save cost and time and checking a process to ensure conformance with regulations.
General challenges that have been found are on handling data that originated from heterogeneous
sources, and low-quality data. Besides these general findings, each domain had specific opportunities
and challenges that originate from their domain characteristics.
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internal logistics using multidimensional process mining. Expert Systems with Applications,
124:130 – 142, 2019. Cited by: 64.

[59] Dino Knoll, Julian Waldmann, and Gunther Reinhart. Developing an internal logistics
ontology for process mining. volume 79, page 427 – 432, 2019. Cited by: 14; All Open
Access, Gold Open Access, Green Open Access.

[60] Wolfgang Koehler and Yanguo Jing. Trace induction for complete manufacturing process
model discovery. International Journal of Advanced Manufacturing Technology, 110(1-2):29 –
43, 2020. Cited by: 0; All Open Access, Green Open Access.

[61] Mahesh Kumbhar, Amos H.C. Ng, and Sunith Bandaru. Bottleneck detection through data
integration, process mining and factory physics-based analytics. volume 21, page 737 – 748,
2022. Cited by: 1; All Open Access, Gold Open Access, Green Open Access.

[62] Valeriy Kurganov, Aleksey Dorofeev, Mikhail Gryaznov, and Mikhail Yakimov. Process
mining as a means of improving the reliability of road freight transportations. volume 54,
page 300 – 308, 2021. Cited by: 2; All Open Access, Gold Open Access.

[63] Angelina Prima Kurniati, Owen Johnson, David Hogg, and Geoff Hall. Process mining in
oncology: A literature review. In 2016 6th international conference on information
communication and management (ICICM), pages 291–297. IEEE, 2016.

[64] Geetika T. Lakshmanan and Rania Khalaf. Leveraging process-mining techniques. IT
Professional, 15(5):22 – 30, 2013. Cited by: 9.

[65] Geetika T Lakshmanan, Davood Shamsi, Yurdaer N Doganata, Merve Unuvar, and Rania
Khalaf. A markov prediction model for data-driven semi-structured business processes.
Knowledge and Information Systems, 42:97–126, 2015.

42



BIBLIOGRAPHY BIBLIOGRAPHY

[66] Lijun Lan, Ying Liu, and Wen Feng Lu. Learning from the past: Uncovering design process
models using an enriched process mining. Journal of Mechanical Design, 140(4), 2018. Cited
by: 7; All Open Access, Bronze Open Access, Green Open Access.

[67] H.C.W. Lau, G.T.S. Ho, Y. Zhao, and N.S.H. Chung. Development of a process mining
system for supporting knowledge discovery in a supply chain network. International Journal
of Production Economics, 122(1):176 – 187, 2009. Cited by: 41.

[68] C.K.H. Lee, K.L. Choy, G.T.S. Ho, and C.H.Y. Lam. A slippery genetic algorithm-based
process mining system for achieving better quality assurance in the garment industry. Expert
Systems with Applications, 46:236 – 248, 2016. Cited by: 40.

[69] C.K.H. Lee, G.T.S. Ho, K.L. Choy, and G.K.H. Pang. A rfid-based recursive process mining
system for quality assurance in the garment industry. International Journal of Production
Research, 52(14):4216 – 4238, 2014. Cited by: 42.

[70] Seung-Kyung Lee, Bongseok Kim, Minhoe Huh, Sungzoon Cho, Sungkyu Park, and
Daehyung Lee. Mining transportation logs for understanding the after-assembly block
manufacturing process in the shipbuilding industry. Expert Systems with Applications,
40(1):83 – 95, 2013. Cited by: 34.

[71] Artini M. Lemos, Caio C. Sabino, Ricardo M. F. Lima, and Cesar A. L. Oliveira. Using
process mining in software development process management: A case study. In 2011 IEEE
International Conference on Systems, Man, and Cybernetics, pages 1181–1186, 2011.

[72] Federico A. Lievano-Mart́ınez, Javier D. Fernández-Ledesma, Daniel Burgos, John W.
Branch-Bedoya, and Jovani A. Jimenez-Builes. Intelligent process automation: An
application in manufacturing industry. Sustainability (Switzerland), 14(14), 2022. Cited by:
2; All Open Access, Gold Open Access, Green Open Access.

[73] Audrius Lopata, Rimantas Butleris, Saulius Gudas, Kristina Rudžionienė, Liutauras Žioba,
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educational trajectories of engineering students in individual high-failure rate courses that
lead to late dropout. volume 2425, page 39 – 48, 2019. Cited by: 0.

[112] G. Schuh, A. Gutzlaff, S. Cremer, S. Schmitz, and A. Ayati. A data model to apply process
mining in end-to-end order processing processes of manufacturing companies. volume
2020-December, page 151 – 155, 2020. Cited by: 6.
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Appendix A

Interview Protocol

The interviews with the process mining experts followed the following protocol.

A.1 Opening

• Small welcome word

• Ask the interviewee to fill in the consent form and ask permission to record

• Start recording

• Explain the setup of the interview (It starts with general questions, and then the SLR findings
are presented and discussed)

• Explain the goal of the interview and the research and explain what opportunities and chal-
lenges are

A.2 General questions

• A Few basic questions on their process mining history:

– When did you start using process mining?

– How often do you use it?

– What was your role in the application?

– In what domains did you apply it?

• If they have experience in multiple domains, ask what was different between the domains (Ask
about opportunities and challenges if they do not bring it up themselves)

• For each domain they have experience in, ask for what goal they apply process mining (op-
portunities), and what hindered them during the application (challenges). Ask if they think
these opportunities and challenges are specific to their domain and why.



A.3. SLR FINDINGS APPENDIX A. INTERVIEW PROTOCOL

A.3 SLR findings

For each domain that the expert has experience in, ask the following questions. If an expert already
talked about an opportunity or challenge in the previous section, it can be skipped. Except if the
SLR came to another conclusion, then discuss this with the expert.

• Discuss all opportunities of a domain and ask if the expert agrees or disagrees and why

• Discuss all challenges of a domain and ask if the expert agrees or disagrees and why

• Ask if any opportunities or challenges came to mind that have not been mentioned in the
previous section, nor in the SLR findings

A.4 Comparing domains

For the experts who have experience with multiple domains, ask the following questions. This
is similar to the General questions section, but they might remember new insights after the SLR
results.

• Are there differences between the opportunities in domains X and Y (and Z...)?

• Are there differences between the challenges in domains X and Y (and Z...)?

• Are there differences in the nature of the data/models between the domains?

• Are there other differences between the domains that could be interesting?

A.5 Final questions

• If time allows it, ask what advice they would give to an inexperienced process miner who just
started applying process mining.

• Ask if they would like to add or say anything else, some concluding thoughts

• Thank them for their time and collaboration

• End recording
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