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Background: The current business environment is rapidly and fundamentally 

changing. The main driver are digital technologies. Companies 

face the pressure to exploit those technologies to improve their 

business processes in order to achieve competitive advantage. 

In the light of increased complexity of business processes and 

the existence of corporate Big Data stored in information 

systems, the discipline of process mining has emerged.  

Research Purpose: Investigate how process mining can support the optimization of 

business processes. 

Method: In this qualitative study, an illustrative case study research is 

utilized involving eight research participants. Hereby, data is 

primarily collected from semi-structured interviews. The data is 

analyzed using content analysis. In addition, the illustrative case 

serves the purpose to demonstrate the application of process 

mining. 

Conclusion: The research revealed that process mining has important 

impacts on current business process improvement. Not all of 

them were explicitly positive. The derived success factors 

should support vendors, current and potential users to apply 

process mining safe and successfully. 

  

 

  



 

 iii 

Table of Contents 

1 Introduction .......................................................................... 1 

 Background ............................................................................................ 1 

 Research problem .................................................................................. 3 

 Research purpose .................................................................................. 5 

 Scope and delimitations ......................................................................... 5 

 Outline .................................................................................................... 5 

 Definition section .................................................................................... 6 

2 Theoretical background ...................................................... 8 

 Process of extracting the relevant literature ........................................... 8 

 Business processes ................................................................................ 9 

 Integrating perspectives on process mining ......................................... 10 

 Data mining and process mining .......................................................... 10 

 BPM and process mining ...................................................................... 11 

 BI & process mining .............................................................................. 12 

 Process Mining ..................................................................................... 12 

 Traditional BPM Life Cycle ................................................................... 12 

 Critical factor: business process modeling ........................................... 16 

 Process mining capabilities .................................................................. 18 

 Data extraction and preparation ........................................................... 18 

 Process discovery ................................................................................ 19 

 Conformance analysis .......................................................................... 20 

 Enhancement ....................................................................................... 22 

 Online process mining .......................................................................... 25 

 Impacts of process mining .................................................................... 25 

 Challenges and limitations of process mining ....................................... 27 

 Motivation for empirical research .......................................................... 29 

3 Research Method ............................................................... 30 

 Methodology ......................................................................................... 30 

 Research philosophy ............................................................................ 30 

 Abductive research approach ............................................................... 31 

 Research strategy: illustrative case study ............................................ 32 



 

 iv 

 Methods ................................................................................................ 33 

 Case selection ...................................................................................... 33 

 Primary data collection ......................................................................... 34 

 Secondary data collection .................................................................... 39 

 Methods of data analysis ...................................................................... 40 

 Primary data analysis ........................................................................... 40 

 Triangulation ......................................................................................... 42 

 Research ethics and quality ................................................................. 43 

 Research ethics .................................................................................... 43 

 Research quality ................................................................................... 44 

4 Empirical results ................................................................ 47 

 Impacts of process mining .................................................................... 47 

 Group A ................................................................................................ 47 

 Group B ................................................................................................ 49 

 Success factors of process mining ....................................................... 52 

 Group A ................................................................................................ 52 

 Group B ................................................................................................ 54 

5 Empirical data analysis and discussion ........................... 57 

 Impacts of process mining .................................................................... 57 

 Automatic discovery ............................................................................. 57 

 Transparency ....................................................................................... 58 

 Analytical capability .............................................................................. 58 

 Achieving strategic objectives .............................................................. 60 

 Success factors of process mining ....................................................... 60 

 Data issues ........................................................................................... 60 

 Process improvement ........................................................................... 62 

 Know-how ............................................................................................. 63 

 Management support ............................................................................ 63 

 Culture .................................................................................................. 64 

6 Illustrative case .................................................................. 65 

 Case company ..................................................................................... 65 

 Context of the phenomena under investigation .................................... 66 



 

 v 

 Process mining in action ....................................................................... 69 

 Introduction of the case ........................................................................ 69 

 Define stage ......................................................................................... 70 

 Data extraction and preparation ........................................................... 70 

 Process discovery ................................................................................ 71 

 Process analysis................................................................................... 72 

 Process automation .............................................................................. 74 

 Interpretation of results ......................................................................... 74 

 Reflection of identified impacts of process mining ................................ 75 

7 Conclusion ......................................................................... 77 

 Findings ................................................................................................ 77 

 Discussion ............................................................................................ 78 

 Managerial implications ........................................................................ 79 

8 Limitations and future research........................................ 80 

 Limitations ............................................................................................ 80 

 Future research .................................................................................... 81 

References ................................................................................... 83 

Appendices .................................................................................. 91 

 

 

  



 

 vi 

List of Abbreviations 

AI      Artificial intelligence 

B2B    Business-to-Business 

B2C    Business-to-Consumers 

BI      Business Intelligence 

BPM    Business Process Management 

BPMN    Business Process Management Notation  

CRM    Customer Relationship Management 

EPC    Event-driven Process Chains  

ERP     Enterprise Resource Planning 

IoT    Internet of Things 

ISO     International Organization for Standardization  

KPI     Key Performance Indicators 

P2P    Purchase to pay 

PAIS     Process Aware Information Systems  

SCM     Supply Chain Management  

SaaS    Software as a Service 

 
 

List of Figures 
 
Figure 1 Example event log. Adapted from Van der Aalst (2016, p. 37) ........................ 2 

Figure 2 Example Event Log - L*. Adapted from Van der Aalst (2016, p. 129).............19 

Figure 3 Discovery (Adapted from Van der Aalst, et al., 2011) ....................................19 

Figure 4 Conformance checking (Adapted from Van der Aalst, et al., 2011) ................21 

Figure 5 Model Enhancement (Adapted from Van der Aalst, et al., 2011) ...................23 

Figure 6 Example for BPMN modeled “to-be P2P process” (Celonis, 2019c) ..............70 

Figure 7 “Happy Path” of the P2P-process of REWAG (Celonis, 2019c) .....................71 

Figure 8 "As-is" P2P-process (Celonis, 2019c) ............................................................72 

Figure 9 Variant Explorer (Celonis, 2019c) ..................................................................72 

Figure 10 Adding time perspective (Celonis, 2019c) ....................................................73 

Figure 11 Identify supplier that causes most price changes (Celonis, 2019c) ..............73 

Figure 12 Purchase order items by material (Celonis, 2019c) .....................................74 

Figure 13 Automation Analysis (Celonis, 2019c) .........................................................74 

 
  

file:///E:/Google%20Drive/DigitalBusinessJU/....Master%20Thesis/Thesis%20Writing/Decker.docx%23_Toc9285093
file:///E:/Google%20Drive/DigitalBusinessJU/....Master%20Thesis/Thesis%20Writing/Decker.docx%23_Toc9285097


 

 vii 

List of Tables 
 
Table 1 Interview respondents ....................................................................................36 

Table 2 Abstraction process ........................................................................................42 

 
List of Appendices 
 
Appendix 1 Thesis Proposal ........................................................................................91 

Appendix 2 Topic Guide (English) ...............................................................................92 

Appendix 3 Topic Guide (German) ..............................................................................94 

Appendix 4 Informed Consent (English) ......................................................................96 

Appendix 5 Coding Table ............................................................................................97 

Appendix 6 Excel table for data analysis .....................................................................98 

Appendix 7 Access event log data quality ...................................................................99 

Appendix 8 Celonis Dashboard P2P Overview .......................................................... 100 

 
 
  



 

1 

 

1 Introduction 

This chapter serves as the introduction of my research topic. Firstly, the relevance to 

optimize processes for competitive advantage in the current business environment is 

stated. Thereby, the drivers of the emergence of process mining are outlined. In the 

research problem, I describe why conducting a research project in process mining is of 

theoretical relevance. Thereafter, the derived research questions and related research 

objectives are presented. The chapter ends with a definition of relevant terms used in 

the thesis. 

 Background 

The current business environment is characterized by fundamental and accelerated 

changes causing a disruptive business environment (McKeown & Philip, 2003; 

Bharadwaj, El Sawy, Pavlou & Venkatraman; 2013; Rosemann, Recker and Flender, 

2008; Măruşter & van Beest, 2009). The main driver for the current dynamic environment 

are digital technologies (Van der Aalst, 2016) that can be viewed as combinations of 

information, computing, communication, and connectivity technologies (Bharadwaj et al., 

2013). The multiplying impacts of such technologies like Big Data, cloud, artificial 

intelligence or the Internet of Things (IoT) change how people interact and therefore how 

companies design business processes (Accenture, 2016). In addition, these 

technologies are available at decreasing costs which accelerates their application further 

(Accenture, 2016). 

 

In March 2019 the leading automotive manufacturer Volkswagen AG has announced a 

strategic partnership with Amazon Web Services Inc. and Siemens AG to build an 

industrial cloud to connect their 122 factories (Hägler, 2019; Rotter, 2019). On long-term 

view, the car manufacturer aims to build a digital platform connecting 30,000 factories 

from their over 1,500 suppliers (Hägler, 2019; Rotter, 2019). Among other things, this is 

based on the principles of Industry 4.0 and the Internet of Things (IoT) where data 

gathered from information systems and sensor-equipped machines is used to improve 

supply chain processes (Kuehn, 2016). The respective goal of Volkswagen AG is to 

reduce costs by achieving an efficiency gain of 30% by 2025 (Hägler, 2019; Rotter, 

2019).  
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The initiative of Volkswagen AG is one example that established industry players “must 

sustain and grow productivity, quality, and operational agility through digital best 

practices” (Aboagye, Hensley, Padhi & Shafi, 2017, para. 4). The given example is 

representative of the necessity of most companies to continuously improve the 

performance of business processes to sustain and gain competitive advantage (van der 

Aalst et al., 2007; Buijs, Dongen, & van der Aalst, 2012).  

 

A consequence of digital technology like IoT is that the boundaries between the physical 

and digital world increasingly disappear (Van der Aalst, 2016) resulting in the 

interweaving of digitized processes and information. As a result, business processes 

have become more complex. On the other side, the optimization and digitization of 

business processes offer tremendous potential for digital transformation (Westerman, 

Bonnet & McAfee, 2014). Digitization of processes can result in competitive advantages 

like shorter product development cycles (Westerman et al., 2014) or in increased 

customer experience and thus higher sales (Pourmasoumi & Bagheri, 2017).  

 

As a result of digitization, most business processes are supported by information 

systems. Today, most information systems are so-called Process-Aware Information 

Systems (PAISs) such as ERP systems from SAP or CRM systems from Salesforce (Van 

der Aalst et al., 2011). A growing share of these systems is provided as Software as a 

Service (SaaS) based on cloud computing enabling ubiquitous access and scalability of 

computing power and data storage (Accenture, 2016). However, they allow, like a log 

book in shipping that a captain uses to note changes in the speed or course, to record 

information, e.g., reception of delivery or invoice reception, in a so-called event log (Jans, 

van der Werf, Lybaert, & Vanhoof, 2011; Van der Aalst et al, 2007). The special feature 

of event data is that it contains information about the order and attributes of the 

processes’ activities. Figure 1 illustrates an example event log. 

 

 

Figure 1 Example event log. Adapted from Van der Aalst (2016, p. 37) 



 

3 

 

Since event data is continuously generated, the company faces large amounts of 

unstructured data that can be referred to as corporate Big Data stored within the 

company’s information systems (Van der Aalst, 2011b; Van der Aalst, 2016). While 

dealing with Big Data is an enormous challenge (Bharadwaj et al., 2013) it is also an 

opportunity, because “the spectacular growth of digitized information has made it 

possible to systematically capture business-related events” (Wil van der Aalst, 2011b, p. 

77). Referring to van der Aalst (2016) and Rogers (2016) one of the main challenges of 

today’s organizations is to extract this information and turn it into valuable information.  

 

Against this backdrop and the fact that companies face increased complexity and 

therefore the need to continuously improve and adapt their business processes in order 

to gain or sustain competitive advantage the discipline of process mining has emerged. 

Process mining uses data-mining techniques to automatically discover how processes 

run in reality (Van der Aalst et al., 2011). After the process discovery, the goal of process 

mining is to analyze operational processes in order to continuously improve and monitor 

their performance (Van der Aalst, 2011b; Van der Aalst, 2016; Lederer, Knapp, & Schott, 

2017). The ultimate goal of process mining is to provide “(…) organizations with Google 

Maps-like functionality for their operational business processes. At any time, there should 

be an up-to-date map for each process. It should be possible for analysts to seamlessly 

zoom in and out” (van der Aalst, 2011b, p. 80). 

 Research problem 

It was during my compulsory internship at Mercedes-Benz Consulting GmbH a 

subsidiary of the global automotive company Daimler AG when I was asked to research 

possible use cases for consultancy projects for the application of a technology called 

“Process Mining”. According to the market guide for process mining by the global 

research and advisory firm Gartner, the market of process mining is exponentially 

growing. In addition, process mining offers an attractive follow-on market for consulting 

and services in the implementation of process mining (Kerremans, 2018). A growing 

number of vendors of PAIS-Systems are integrating process mining solutions into their 

products (Van der Aalst & Dustdar, 2012; Van der Aalst et al., 2011) which drives the 

level of awareness further (Kerremans, 2018).  

 

Besides the commercial importance and although the discipline of process mining is not 

new (Agrawal et al., 1998; Cook & Wolf, 1998) it has become an emerging and popular 

research topic (Van der Aalst & Weijters, 2004; Tiwari, Turner, & Majeed, 2008; Van der 
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Aalst, 2011; Van der Aalst et al., 2011; van der Aalst, 2016; Rojas, Munoz-Gama, 

Sepúlveda & Capurro, 2016; Lederer et al., 2017; Pourmasoumi & Bagheri, 2017). The 

increased interest by scholars and practitioners has led to the foundation of the IEEE 

(Institute of Electrical and Electronic Engineers) Task Force on Process Mining with 

scientists, software vendors and consultancy firms (van der Aalst et al., 2011). 

 

A first literature review on the trusted database of Web of Science has confirmed the 

novelty of the discipline. So far, research in process mining has mainly discussed data-

scientific fundamentals. According to Van der Aalst (2016), Lederer, Knapp & Schottet 

(2017) and Kerremans (2018) process mining can have a great impact on traditional 

business process improvement approaches like business process management (BPM). 

Lederer et al. (2017) state that although most companies follow the classic BPM lifecycle, 

they have failed to achieve an advanced level of process-orientation. The scholars argue 

that “slightly or fundamental changes to the traditional BPM paradigm are necessary” 

(Lederer et al., 2017, p. 22.). Researchers in BPM have recently recognized process 

mining as an opportunity that can reinforce the application of BPM meeting the demands 

of a digital data-driven economy by using process mining (Lederer et al., 2017; Thiede 

et al., 2018; Kerremans, 2018). Kerremans (2018) and Geyer-Klingeberg, Nakladal, 

Baldauf, and Veit (2018) state that process mining can enable “digital transformation by 

identifying improvement potential with respect to key success factors like efficiency, 

speed, agility, and compliance” (Geyer-Klingeberg et al., 2018, p. 2).  

 

On the other side, Bozkaya, Gabriels & Van der Werf (2009) state that “the diversity of 

current research in this area makes it hard to see how to apply process mining within 

organizations” (p. 26). In addition, the process mining manifesto by Van der Aalst et al. 

(2011) mentions ten key challenges of process mining, for example, the lack of non-

expert understandability or the finding, merging or cleaning of event data.  

 

Due to the inherent need for a technology like a process mining to improve business 

processes by leveraging the value from event data, facilitated by the novelty and 

challenges of process mining I decided to conduct a research project about process 

mining and its impacts of business process improvement. 



 

5 

 

 Research purpose 

Concluding from the previous problem discussion, the purpose of this master thesis is to 

investigate how process mining can support the optimization of business 

processes. 

 

Thus, I have defined the following research question:  

RQ 1: What are the impacts of process mining on business process 

improvement? 

 

During the research a second question has been derived: 

 

RQ 2: What are the success factors of process mining? 

 

The overall vision of the thesis is to derive a strategic playbook for the application of 

process mining for enhancing current business process improvement initiatives of 

companies.  

 Scope and delimitations 

The thesis will not discuss the underlying data-scientific algorithms and techniques of 

process mining since they have no relevance for answering the research question. 

However, current process mining literature is providing rich research about it (see 2.1

 Process of extracting the relevant literature).  

 

Due to the inaccessibility of event log data of a case company for the purpose of applying 

process mining, an illustrative case study was conducted using public available 

resources and a set of case-independent interviews.  

 Outline 

The following second chapter establishes the theoretical background relevant for 

answering the research questions. The third chapter is describing the underlying 

research methodology. In the following chapter, the empirical data collected through 

semi-structured interviews is, according to the categories derived by the applied content 

analysis, presented. Thereafter the fifths chapter analyzes and discusses the empirical 

results. In chapter six the illustrative case is being presented and applied to a fictional 

process mining project. In the final chapter, the results of the research are summarized 
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to answer the research questions. Thereby, the implications for management and the 

limitations of the underlying study are outlined before final comments about future 

research opportunities are made. 

 Definition section 

Activity: A activity is a well-defined step in the process. Events may refer to the start, 

completion, cancelation, etc. (Van der Aalst et al., 2011, p. 14). 

Artificial Intelligence (AI): AI applies advanced analysis and logic-based techniques, 

including machine learning, to interpret events, support and automate decisions, 

and take actions (Gartner, 2019a) 

Bottleneck: A bottleneck is defined as the operation with the least capacity in a total 

system with no alternative routings (Gartner, 2019b). 

BPM  “Business Process Management (BPM) includes methods, techniques, and 

tools to support the design, enactment, management, and analysis of 

operational business processes” (van der Aalst, Hofstede and Weske; 2013, p. 

4). 

Business Intelligence: Business intelligence (BI) is an umbrella term that includes the 

applications, infrastructure and tools, and best practices that enable access to 

and analysis of information to improve and optimize decisions and performance 

(Gartner, 2019c). 

Data Mining: The purpose of data mining is to find hidden relationships between 

variables in often large and unstructured data sets by using techniques like 

clustering, classification or regression (Linoff & Berry, 2011; Pourmasoumi & 

Bagheri, 2017). 

De-facto model: The de-facto model or as-is process model describes the actual path 

of a process (Van der Aalst, 2011b). 

De-jure model: The de-jure model or to-be process model also known as the normative 

process model describe the ideal path of a process (Van der Aalst, 2011b). 

Event Log:  File that contains a collection of events used as input for process mining (Van 

der Aalst, 2011b). 
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Event: An event is an action recorded in the log of an information system. For example, 

the start, completion or the cancelation of an activity (Van der Aalst et al., 2011). 

Process Mining:  “The idea of process mining is to discover, monitor and improve real 

processes (i.e., not assumed processes) by extracting knowledge from event 

logs readily available in today's (information) systems” (Van der Aalst et al., 

2011, p.1). 

Robotic process automation (RPA): RPA uses software robots to replicate human tasks 

to boost efficiency (Geyer-Klingeberg et al., 2018) 

Software as a service (SaaS): SaaS is owned, delivered and managed remotely by one 

or more providers. The provider delivers software based on one set of common 

code and data definitions that is consumed in a one-to-many model by all 

contracted customers at any time on a pay-for-use basis or as a subscription 

based on use metrics (Gartner, 2019d). 
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2 Theoretical background 

In this chapter, I provide the theoretical basis of my thesis. Firstly, the process of 

extracting the relevant literature is presented. Thereafter, the relevance of business 

processes is given. Thirdly, integrating perspectives on process mining are discussed. 

The following presentation of the traditional BPM life-cycle serves to point out the critical 

role of process models. After the process mining capabilities are presented, the impacts 

of process mining on business process improvement are discussed. The chapter ends 

by stating the identified challenges of process mining. 

 Process of extracting the relevant literature 

The initial literature review about process mining has only brought little and unsatisfied 

results. A search for process mining on the trusted academic database of “Web of 

Science” brought 1,555 results. Applying the filtering option by research areas I was 

confronted that a large part originated from technical sources of computer science and 

engineering. A random check on the most cited articles confirmed the technical focus. 

From the few articles that were non-technical, e.g., the process mining manifesto by Van 

der Aalst et al. (2011), I applied a citation search and further snow-balling (Easterby-

Smith, Thorpe & Jackson, 2015) which has helped me to identify the theoretical 

background of process mining. During the analysis, I acknowledged that the 

contributions of the scholar Wil van der Aalst were mentioned several times. The 

contributions from Wil van der Aalst are related to the disciplines of BPM, data science 

and process mining and were cited more than 90,000 times, according to results on 

Google Scholar. The author’s book “Process Mining: Data Science in Action” published 

in 2016 provides the most comprehensive and up-to-date literary work in the field of 

process mining. 

 

A second finding of reviewing the literature was, that process mining seemed to be 

related to the field of business process management (BPM). The results of a combined 

keyword search on Web of Science and Google Scholar have confirmed this assumption. 

While extending my search to Google Scholar, I used the business and management 

database of Emerald Insight to identify that the Business Process Management Journal 

is the most relevant and important journal for the topics of process mining and BPM. 

According to the ABS Academic Journal Guide 2015, the journal has an impact factor of 

two. Here, further relevant articles were identified. In regard to the theory of BPM, I 

acknowledged that literature is very broad and covers multiple perspectives. Due to the 
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relatively young theory of process mining, I applied further keyword and citation search 

to identify seminal but up to date contributions of BPM research from most relevant 

scientists in the field. Among them were Thomas Davenport (1993), Michael Rosemann 

and Jan vom Brocke (2005), Mathias Weske (2012), Marlon Dumas (Dumas et al., 2013) 

and Jan Mendling (Manova & Meidling, 2018). 

 Business processes 

Every organization independently from its type or size must manage business processes 

(Dumas, La Rosa, Mendling & Reijers, 2013). The literature provides a variety of 

definitions about business processes (Davenport, 1993; Hammer & Champy, 1993; 

Weske, 2012; Dumas et al.; 2013; Burratin, 2015). One of the most influential definition 

is made by Davenport (1993) who defines “process is simply a structured, measured set 

of activities designed to produce a specified output for a particular customer or market” 

(p. 5). The definitions by Hammer and Champy (1993), Dumas et al. (2013) and Burratin 

(2015) share that the output of the process is of value to the customer and thereby 

emphasizing the general need of customer orientation (Lederer et al., 2017). According 

to Dumas et al. (2013) and Burratin (2015), the goal of a business process is, by following 

a strategic goal, the optimization and standardization of business processes to create a 

service or product which is of value for a certain customer or market. According to Weske 

(2012) and Lederer et al. (2017) business processes operationalize an organization’s 

strategic objectives.  

 

The fast-changing business environment driven by emerging technologies and 

globalization affects the design and performance of business processes (Rosemann, et 

al., 2008; Măruşter & van Beest, 2009). Business processes are impacted by contextual 

factors and other processes (Burratin, 2015 Hammer & Champy, 1993). Factors of the 

external context cannot be influenced by the organization (Burratin, 2015; Van der Aalst 

& Dustdar, 2012). Typical examples are changes of customer behavior causing trends 

such as decreased time-to-market and time-to-consumer demands or new legal 

regulations that require a new level of compliance (Van der Aalst & Dustdar, 2012; 

Rosemann, et al., 2008). In addition to the external context, processes are influenced by 

the instance context (e.g., the starting point of a process can vary), the process context 

(e.g., instances compete for the same resources) or the social context that characterizes 

how people work together within an organization (e.g. human behavior like stress or 

competition) (Van der Aalst & Dustdar, 2012; Van der Aalst, 2016). The phenomenon of 
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continuous process changes is discussed under the term “concept drift” (Van der Aalst 

& Dustdar, 2012; Van der Aalst, 2016). 

 

It is important that the business process stays “up to date and as flexible as possible, in 

order to meet the market requirements and the business objectives” (Burattin, 2015, p. 

20). Referring to Rosemann et al. (2008), companies need adaptive business processes 

which can be adjusted with the current dynamic environment to achieve competitive 

advantage. In addition, companies need to continuously improve the performance and 

efficiency of their business processes (van der Aalst et al., 2007; Buijs et al., 2012). 

According to Dumas et al. (2013), the business process design affects both the quality 

of service of customer-facing processes and the efficiency with which internal services 

are delivered. The design and the performance of business processes can become a 

competitive differentiator when a company has better processes than companies offering 

similar products or services (Dumas et al., 2013).  

 Integrating perspectives on process mining  

Since process mining is a young research discipline, a comparison with other disciplines 

aims to explain what process mining is and what it is not. Furthermore, a general 

understanding of the related disciplines is achieved. 

From a theoretical point of view, most researchers agree that process mining sits in-

between data science (computational intelligence and data mining) and process science 

(process modeling and analysis) (Van der Aalst et al., 2011; Burratin, 2015; Van der 

Aalst, 2016; Pourmasoumi & Bagheri, 2017; Thiede et al., 2018).  

Both data science and process science encompass many different sub-disciplines with 

a different level of theoretical maturity (Van der Aalst, 2016). Describing and reviewing 

the relation of process mining to every one of these disciplines wouldn’t be impactive to 

answer the defined research questions. Thus, the focus lies on the main themes of both 

fields of sciences.  

 Data mining and process mining 

From a data-science perspective, the field of process mining is often related to data 

mining (Van der Aalst et al., 2011; Van der Aalst, 2016; Pourmasoumi & Bagheri, 2017). 

The purpose of data mining is to find hidden relationships between variables in often 

large and unstructured data sets by using data mining techniques like clustering, 
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classification or regression (Linoff & Berry, 2011; Pourmasoumi & Bagheri, 2017). In 

process mining, data mining techniques are used for “the extraction of knowledge from 

data produced by a set of systems and processes” (Thiede et al., 2018, p. 902). In 

contrast to data mining which is data-centric and mainly depends on historical data, 

process mining techniques are process-centric and can discover end-to-end processes 

based on historical and real-time event data (Van der Aalst, 2016; Pourmasoumi & 

Bagheri, 2017). Besides data mining, process mining tools make also use of other fields 

of data science like machine learning (Burratin, 2015), statistics and visualization and 

visual analytics (Van der Aalst, 2016). According to van der Aalst (2011b, 2016), data 

mining tools and literature don’t cover process mining techniques. 

On the other side, process mining is related to process science disciplines like business 

process management.  

 BPM and process mining 

Van der Aalst et al. (2011) state that process mining “has become one of the "hot topics" 

in business process management (BPM) research” (p 1). The identified relevant literature 

about process mining originates to a major share from business process management 

(BPM) and confirm the statement by van der Aalst et al. (2011). Van der Aalst (2016), 

Lederer et al. (2017) and Thiede et al. (2018) agree that process mining is part of the 

broader research field of BPM.  

 

Referring to van der Aalst (2011) BPM is the discipline that combines knowledge from 

information technology and knowledge from management sciences and applies this to 

operational business processes” (van der Aalst, 2011, p. 3). The definition of BPM by 

van der Aalst, Hofstede and Weske (2013) follows up by understanding BPM as 

“supporting business processes using methods, techniques, and software to design, 

enact, control, and analyze operational processes involving humans, organizations, 

applications, documents and other sources of information” (p. 4). The definitions from 

Dumas et al. (2013) and Lederer et al. (2017) are corresponding. Furthermore, BPM 

aims for holistic and continuous improvement of end-to-end processes to “add value to 

the organization and its customers” (Dumas et al., 2013, p.1). Researchers in the field 

(Rosemann et al., 2008; van der Aalst, 2011a) agree that BPM receives significant 

attention from science and practitioners due to its “potential for significantly increasing 

productivity and saving cost” (Van der Aalst, 2011a, p. 1).  
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 BI & process mining 

Van der Aalst and Weijters (2004) and Van der Aalst (2016) state that process mining is 

a tool of Business Process Intelligence which is closely related to BI. Modern BI tools 

use real-time data to analyze operational processes have led to the term “Business 

Process Intelligence (BPI)” which is often used as a synonym for process mining (Van 

der Aalst & Weijters, 2004; Dumas et al., 2013; Van der Aalst, 2016).  

 

However, van der Aalst aims to distinguish process mining from BI. He states that in 

contrast to process mining, BI tools focus on monitoring and reporting and are not 

capable to analyze and improve end-to-end processes (Van der Aalst, 2011b). 

Compared to BPM, emergent BI concepts like BPI put less emphasis on the process 

model (Van der Aalst, 2016). According to van der Aalst (2016) and Thiede et al. (2008), 

process mining can be considered as a BI and analytics technology and therefore 

“bridges the gap between BI and BPM by combining event data and process models” 

(Van der Aalst, 2011a, p. 77).  

 Process Mining 

The analysis of the related disciplines confirms that process mining sits between process 

science and data science. Van der Aalst (2011b) states that process mining is the 

“missing link between data mining and traditional model-driven BPM” (p. 4). It uses and 

adapts data-science, e.g. by making data mining techniques process-centric and it is 

building on new concepts like business process intelligence and extending proven 

process-science approaches. However, the current theory doesn’t make a clear 

statement about whether process mining should be considered as a stand-alone 

research field or as a discipline of BPM or data mining. Van der Aalst (2016) state that 

“although process mining is not limited to BPM, both are clearly related” (p. 44). The use 

of the BPM Life Cycle to position process mining towards BPM is further supporting this 

(Van der Aalst et al, 2011; van der Aalst, 2011b; Burratin, 2015; van der Aalst, 2016). 

 Traditional BPM Life Cycle  

The implementation of BPM can encompass a constant improvement of all enterprise 

processes (Weske, 2012; Dumas et al., 2013). However, Dumas et al. (2013) and 

Davenport (1993), focusing on all processes is not feasible because of the extensive 

resources required and issues like a great coordination complexity. Therefore, many 

companies focus to improve a small and specific set of processes (Davenport, 1993; 
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Dumas et al. 2013). Furthermore, a BPM initiative can also focus on solving a current 

business problem by improving the related processes (Malinova & Mendling, 2018). To 

manage BPM many companies, follow the BPM life cycle approach (Dumas et al., 2013; 

Lederer et al., 2017). However, scholars in BPM stress that the traditional and model-

driven life-cycle approach is not followed anymore (Lederer et al, 2017).  

 

The life-cycle by Dumas et al. (2013) is well established and describes the operational 

activities of BPM in six stages (1) process identification, (2) process discovery, (3) 

process analysis, (4) process redesign, (5) process implementation, (6) process 

monitoring and controlling.  

(1) Process identification 

The first activity is identifying relevant processes that should be improved (Weske, 2012; 

Dumas et al., 2013). According to Dumas et al. (2013), “process management should 

focus on those processes where it is reasonable to expect benefits” (p. 38). However, in 

most organization, documentation of processes in terms of protocols or guidelines 

already exists (Rozinat & van der Aalst, 2008; Burratin, 2015). Another activity is the 

selection of roles and stakeholders necessary to implement BPM (Weske, 2012; Dumas 

et al., 2013).  

(2) Process discovery 

The goal of the second stage is to develop an “as-is” process model that describes the 

current state of a process precisely (Dumas et al., 2013; Weske 2012; Malinova & 

Mendling, 2018). According to Malinova and Meidling (2018), “business process 

modeling is a method used to represent business processes in form of business process 

models, so that the current state of the processes may be analyzed and accordingly 

improved (p. 4). Referring to Van der Aalst (2016), “process models assist in managing 

complexity by providing insight and documenting procedures” (p. 56). In doing so, 

process models have become a key instrument for the management of business 

processes.  

 

For the purpose of process modeling, information about the processes is gathered by 

conducting interviews and workshops with people involved in the process, e.g. the 

process participants, business engineer and the process owner (Dumas et al., 2013).  

 

Informal models, like textual descriptions in terms of PowerPoint diagrams or process 

procedures, have the advantage that they are easy to understand but they „are 
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cumbersome to read and easy to misinterpret” (Dumas et al., 2013, p. 16). According to 

Burratin (2015), process models need to be “unambiguous, in the sense that the process 

is precisely described without leaving uncertainties to the potential reader” (p. 11).  

 

Thus, formal models are used which are modeled by making use of a process modeling 

language, like Event-driven Process Chains (EPC), Business Process Management 

Notation (BPMN) or Petri Nets (Van der Aalst, 2011b; Weske, 2012; Dumas et al., 2013; 

Burratin, 2015; Van der Aalst, 2016; Malinova & Meidling, 2018). While simple process 

models can be modeled by hand, business process management systems support the 

modeling process for larger more complex processes (Weske, 2012; Dumas et al., 

2013). Dumas et al. (2013) state that exact process models are “a cornerstone of any 

further BPM efforts” (p. 40).  

(3) Process analysis 

At the process analysis stage, the derived as-is process model is used to identify, 

prioritize potential for process improvement (Dumas et al., 2013; Malinova & Meidling, 

2018). The as-is process model is used for verification, e.g., to find potential deadlocks 

and performance analysis (Rozinat & Van der Aalst, 2008; Rojas et al., 2016; Van der 

Aalst, 2016). BPM literature lists a variety of qualitative analytical techniques (Weske, 

2012; Dumas et al., 2013). According to Weske (2012) and Dumas et al. (2013), a useful 

instrument to identify possible flaws is conducting a workshop by interviewing the people 

involved in the process to discuss and validate whether all process instances are covered 

by the as-is process model. If errors are identified, the process analyst needs to gather 

information about the root causes, e.g. miscommunication between employees or 

inaccurate data. This is usually a difficult and time-consuming undertaking (Dumas et al., 

2013). 

 

On the other side, quantitative methods for performance analysis and verification can be 

applied. There is a plethora of techniques available which are discussed in detail in 

relevant BPM literature (Weske, 2012; Dumas et al., 2013). One method to analyze the 

performance is known as “Flow Analysis” using a process model and performance data 

pertaining to each activity in the model (Dumas et al., 2013, p. 243). The limitation of this 

method is that it assumes unrestrained utilization of the involved resources, e.g., no 

downtimes of machinery or constant working efficiency of humans (Van der Aalst, 2016). 

According to Dumas et al. (2013) process simulation is the most famous and applied 

techniques for the quantitative analysis of the de-facto process model analysis. Based 
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on the as-is process model business process management systems run a number of 

process instances and measure defined KPI’s like waiting times or the probabilities of 

process events, for example, delayed customer payment (Weske, 2012; Dumas et al., 

2013). However, the backbone of the qualitative and quantitative techniques is the “as-

is” process model from stage two (Van der Aalst, 2016). 

(4) Process redesign 

The purpose of the redesign phase is to consider possible solution based on the findings 

of the process analysis to develop an improved “to-be” or normative process model 

(Malinova & Meidling, 2018; Dumas et al., 2012). Since improvements of a certain 

process instance could have an impact on prior or following process activities process 

redesign is a challenging task. Weske (2012) and Dumas et al. (2013) argue that process 

redesign and process analysis are closely linked. Because process models predefine 

how work is organized, and thus how people work, issues like resistance to change can 

occur (Dumas et al., 2013). The derived “To-be” process model is also defined as a de-

jure model or normative model (Van der Aalst, 2016; Weske, 2012). According to van 

der Aalst (2016) the “to-be” process model “specifies how things should be done or 

handled” (p. 303). 

(5) Process implementation 

Within the fifth stage, the redesigned and verified normative processes are implemented 

(Weske, 2012). Therefore, the “to-be” process models are employed into the 

organization’s PAIS-systems resulting in new workflows for people and machines, and 

external stakeholders like suppliers or customers (Weske, 2012; Dumas et al., 2013; 

Rojas et al., 2016; Malinova & Meidling, 2018). According to Weske (2012) “once the 

system configuration phase is completed, business processes instances can be 

enacted” (p. 14) in order to fulfill the defined process objectives and the overarching 

strategic goals. Dumas et al. (2013) point out that process implementation also requires 

organizational change management, for example, assign new tasks to process 

participants (Weske, 2012). In addition, possible automation of certain process instances 

is also affecting the way how people work (Dumas et al., 2013).  

(6) Process monitoring and controlling 

Malinova and Meidling (2018) state that “one the redesigned process is up and running, 

the process monitoring and controlling phase continuously collects and analyses process 

execution for performance and conformance to regulations (p. 10). Referring to Dumas 

et al. (2012, p. 21), a lack of continuous process monitoring and improvement leads to 
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degradation because processes need “to keep up with the ever-changing landscape of 

customer needs, technology, and competition”. As a result, needed changes fuel a new 

iteration of the process discovery, analysis, and redesign (Weske, 2012; Dumas et al., 

2013; Malinova & Meidling, 2018).  

 Critical factor: business process modeling 

The traditional BPM life-cycle provides a logical and complete way to improve business 

processes. In addition, literature is very well-established supporting companies to apply 

the related methods and techniques (Dumas et al., 2013; Rosemann & vom Brocke, 

2015; Van der Aalst, 2016). The modeling of a process model plays a crucial and 

dominant role throughout the BPM life-cycle.  

 

For example, the process is viewed from different perspectives during modeling (Dumas 

et al., 2013; Van der Aalst, 2016; Malinova & Meidling, 2018). Furthermore, process 

models stimulate a shared understanding and guide discussions (Rozinat & Van der 

Aalst, 2008; Dumas et al., 2013; Van der Aalst, 2016). Many companies use process 

models for documentation purposes, for example, quality certifications, auditing 

purposes or compliance guidelines (Rozinat & Van der Aalst, 2008; Burratin et al., 2015; 

Van der Aalst, 2016). Referring to the implementation phase, process models are used 

for the specification of information systems before or after they are implemented (Weske, 

2012; Rojas et al., 2016; Van der Aalst 2016).  

 

According to Malinova and Meidling (2018) “the key method that supports the steps 

forward reaping BPM benefits is business process modeling” (p. 4). Weske (2012) states 

that process modeling “is a core technical subphase of the process design” (p. 12). This 

is also valid for other BPM-related subdisciplines (Van de Aalst, 2016). While processes 

“become more complex and heavily rely on information systems, and may span multiple 

organizations” (Van der Aalst, 2016, p. 56) the success of deriving process improvement 

mainly depends on the correct and complete discovery of the “as-is” process explained 

by a process model (Dumas et al., 2013). 

 

Researchers have acknowledged various limitations of current business process models 

which are often hand-made, complex and time-consuming (Rebuge & Ferreira, 2012; 

Dumas et al., 2013; Van der Aalst, 2016).  
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Firstly, process modeling requires collaborative efforts and resources to at least model 

and then analyses and implement the changes (Weske, 2012; Dumas et al., 2013; 

Pourmasoumi & Bagheri, 2017). Although interview-based and workshop-based 

discovery are typically strong in providing rich insights into the process (Van der Aalst, 

2016), they cause lengthy discussions with workers and extensive document analysis 

(Rebuge & Ferreira, 2012). Furthermore, there are discrepancies between the actual 

business processes and the way they are perceived or described by people (Rebuge & 

Ferreira, 2012; Van der Aalst, 2016). 

 

As a result, process models can be biased by wrong and subjective assumptions of the 

involved stakeholders (Dumas et al., 2013, Van der Aalst, 2016). In addition, involved 

domain experts might purposefully hide or manipulate relevant information for political 

reasons like loss of power or position (Dumas et al., 2013, p.163). According to van der 

Aalst (2016): “The designer and management may not be aware of the many deviations 

that take place” (p. 56). Moreover, to reduce the efforts many processes are often split 

up in smaller parts, contradicting with the original purpose to model a process end-to-

end (Van der Aalst, 2011b).  

 

Another limitation of good modeling is that it requires experienced and skilled process 

analysts are needed (Rebuge & Ferreira, 2012; Van der Aalst, 2016). Often models are 

at the wrong abstraction level (Van der Aalst, 2016) or the granularity is not appropriate 

(Dumas et al., 2013). Models that are too abstract oversimplify the complexity while too 

detailed models become too difficult to understand and implement (Dumas et al., 2013; 

Van der Aalst, 2016). The implementation of process models is also complicated by the 

circumstance that documentation of processes is often not process-centric or outdated 

(Rebuge & Ferreira, 2012; Dumas et al., 2013; Van der Aalst, 2016). 

 

The biggest limitation however and the consequence of the limitations mentioned above 

is that most current process models are idealistic representations disconnected from 

reality since they are not related to objective and complete information (Van der Aalst, 

2011b; Dumas et al., 2013; Van der Aalst, 2016). The traditional modeling techniques 

like simulation are inadequate to capture human behavior (Van der Aalst, 2011b, Van 

der Aalst, 2016). The tendency to derive a model that illustrates the normal case may 

only cover 80 percent while the other 20 percent are responsible for 80 percent of 

process flaws (Van der Aalst, 2011b; Van der Aalst, 2016). Since the lack of presenting 
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the reality, people don’ trust them (Van der Aalst, 2016). There are further consequences 

of process models that don’t represent reality.  

 

According to van der Aalst (2016) model-based performance analysis and verification of 

idealized “as-is” process models lead to wrong conclusions about current errors and 

future improvement potential. Therefore, new modeling and analyzing methods are 

required that can overcome the limitation of traditional modeling techniques and in 

addition can cope with the requirements of continuously changing and complex 

processes (Van der Aalst, 2011; Rebuge & Ferreira, 2012; Lederer et al., 2017; Van der 

Aalst, 2016; Thiede et al., 2018). 

 Process mining capabilities 

As outlined before, researchers have acknowledged various limitations of current 

business process modeling and analyzing techniques. Process mining promises to 

overcome these limitations by using process-centric event log data and process related 

data mining techniques. In addition, process mining techniques offer to enhance current 

laborious analysis techniques. Therefore, the main types of process mining are 

introduced in order to find out how process mining can contribute to the actions related 

to the BPM life-cycle.  

 Data extraction and preparation 

As stated by Pourmasoumi & Bagheri (2007), the main goal of process mining is to 

extract process-centric knowledge from event logs of existing information systems of 

information”. According to van der Aalst et al. (2011) and Burratin (2015), most of today’s 

information systems are so-called process aware information systems (PAIS) that record 

event log data. Van der Aalst (2016) and Van der Aalst and Weijters (2004) name ERP, 

CRM and SCM systems as typical examples of PAIS’s. 

 

After the data is made available and accessible (Thiede et al. 2018) the data needs to 

be extracted and transformed in order to use process mining techniques. Current 

literature discusses this process and related issues of event log data extensively 

(Burratin, 2015; Van der Aalst, 2016). In regard of the importance of event log data for 

the application of process mining as well as for the understanding of the following 

sections, it is beneficial to know that the following three data elements are at least 

required to apply process mining: Case ID, Timestamp, Activity. Figure 7 shows an 

example event log and highlights the three elements.  
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Figure 2 Example Event Log - L*. Adapted from Van der Aalst (2016, p. 129) 

The case ID is used to identify a particular case, e.g. a purchase order. The purchase 

order is being edited by executing certain activities. Usually, those activities are linked to 

an Event ID forming a so-called “trail”. The third minimum required element is the 

timestamp related to the activity. The information about the time is important to order 

events in the sequence of their execution (van der Aalst; 2011a; Van der Aalst, 2016).  

 Process discovery 

Process discovery is the first of the three main process mining techniques (Van der Aalst, 

et al., 2011; Van der Aalst, 2007, Burratin, 2015). The process mining discovery 

techniques like the α-algorithm (Van der Aalst, 2011a; Rebuge & Ferreira, 2012) enable 

to automatically generate and learn a process model from an event log without a-priori 

information (Rozinat & Van der Aalst, 2008; Van der Aalst et al., 2011; Van der Aalst, 

2011b; Van der Aalst & Dustdar, 2012; Van der Aalst, 2016). From a technical 

perspective process discovery is the most challenging process mining type 

(Pourmasoumi & Bagheri, 2017). 

 

Figure 3 Discovery (Adapted from Van der Aalst, et al., 2011) 

The outcome is a fact-based “as-is” process model that reflects how the process works 

in reality (Van der Aalst, 2007; Bozkaya et al., 2009; Van der Aalst et al., 2011; Rebuge 

& Ferreira, 2012; Dumas et al, 2013; Pourmasoumi & Bagheri, 2017).  

 

Rather than based on error-prone modeling techniques or subjective interpretations, the 

derived model provides objective transparency about the process (Van der Aalst et al., 
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2011; Jans, van der Werf, Lybaert, & Vanhoof, 2011; Van der Aalst, 2016). In addition, 

rather than being limited to modeling parts of processes, the use of event log data 

enables to observe processes end-to-end (Van der Aalst et al., 2011).   

 

In contrast to traditional modeling methods, process mining discovery enables to model 

unstructured processes, like product development which offer great potential for 

improvement (Van der Aalst, 2011a, Rebuge & Ferreira, 2012; Van der Aalst, 2016). The 

counterpart of unstructured processes are structured processes that can be found in 

production and procurement (Van der Aalst, 2011a). 

 

Process mining discovery makes irregular behavior visible that was not thought of by 

process stakeholders and analysts (Van der Aalst, 2007). Thus, process mining enables 

an explorative approach to identify improvement potential in processes (Van der Aalst, 

2016). Since the discovered “as-is” model reflects the reality it can overcome the 

mentioned limitations of current modeling techniques mentioned in 2.5.3 Limitations of 

current modeling techniques (Van der Aalst et al., 2011; Burratin, 2015; Van der Aalst, 

2016, …) 

 

Referring to Van der Aalst & Dustdar (2012) the process discovery is often a starting 

point for further analysis. The discovered as-is process model providing the prerequisite 

for impactive improvement of processes and their supporting information systems (Van 

der Aalst, 2016; Rebuge and Ferreira, 2012). 

 Conformance analysis 

The conformance checking techniques are the second main type of process mining 

techniques (Van der Aalst et al., 2011; Rebuge & Ferreira, 2012; Rojas et al., 2016; Van 

der Aalst, 2016). With the “as-is” process being discovered the quality of the relationship 

between the event log and the new model or between the new model and an existing 

model is being validated by quantifying the level of conformance (Van der Aalst et al., 

2011; Van der Aalst & Dustdar, 2012; Van der Aalst, 2016). The quality conformance 

process is described in the relevant literature (Rozinat & van der Aalst, 2008; Van der 

Aalst et al., 2011 Dumas et al., 2013; Burratin, 2015; Van der Aalst, 2016; Pourmasoumi 

& Bagheri, 2017). Conformance checking serves also to repair models that are not 

corresponding with reality (Van der Aalst, 2016). 
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Figure 4 Conformance checking (Adapted from Van der Aalst, et al., 2011) 

With a validated model present, conformance checking techniques can be applied to find 

commonalities and deviations between the real “as-is” process and the determined “to-

be” process by replaying the event log of a “to-be” model (Rozinat & van der Aalst, 2008; 

Van der Aalst et al., 2011; Van der Aalst, 2016). 

 

According to the process mining literature, the two activities of auditing and business 

alignment are most relevant for conformance checking analysis (Van der Aalst et al., 

2011; Burratin, 2015; Van der Aalst, 2016). 

 Business Alignment 

Business alignment addresses the interdependency between business processes and 

information systems (Van der Aalst, 2011; Weske, 2012; Van der Aalst, 2016). Due to 

the fact that most business processes are supported by information systems which are 

operated by humans the good alignment of information systems and business processes 

is of great importance (Van der Aalst, 2011b; Van der Aalst and Dustdar, 2012). 

However, this is not the fact in reality (Van der Aalst, 2016). 

 

Conformance checking enables to diagnose the discrepancies between the underlying 

normative model and the real process model (Van der Aalst, 2011, Van der Aalst, 2016). 

Thus, offering the opportunity to design information systems that meet the need for 

flexible and agile business processes (Weske, 2012). In addition, conformance checking 

within process mining offer the comparison of the as-is model with the underlying 

reference model or best-practice models for benchmarking purposes (Van der Aalst, 

2016). 

 Auditing & Compliance 

Legal regulation and policies continuously change (Rosemann et al.; 2007). Auditing 

refers to measurements that assure that an organization and its processes are 

conforming with legislation, corporate governance and compliance (Rozinat & Van der 

Aalst, 2008; Jans et al., 2011; Van der Aalst, 2016). While auditing is particularly 
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important for financial institutions, auditing is also used for quality certification which is 

required in every industry (Van der Aalst, 2016).  

 

With traditional methods, auditors can only check parts of a process by randomly 

assessing factual data (Jan et al., 2011; Van der Aalst, 2011, Van der Aalst, 2016). In 

addition, auditors rely on trusting the existing control mechanism (Van der Aalst, 2011; 

Van der Aalst, 2016).  

 

Process mining conformance checking can be used for auditing and compliance 

monitoring (Van der Aalst, 2012; Van der Aalst, 2016; Jans et al., 2011). Reffering to 

Jans et al. (2011), process mining enables auditors to detect fraud or other flaws in a 

much earlier stage. In conclusion, conformance checking techniques enable auditors to 

rigorously check compliance and ascertain the validity and reliability of information about 

an organization’s core processes.” (Van der Aalst et al., 2011, p. 2). Thus, process 

mining can reduce strategic risks. 

 Enhancement 

Enhancement is the third main process mining technique (Van der Aalst, 2011; Van der 

Aalst, et al., 2011; Van der Aalst, 2016). The starting point is a validated model resulted 

from conformance checking (Rozinat & Van der Aalst, 2008; Van der Aalst, 2011b; Van 

der Aalst, 2016). Process mining enhancement targets to add additional perspectives to 

achieve a richer understanding of the “as-is” process to build a new integrated process 

model (Van der Aalst et al, 2011, Van der Aalst, 2011; Rojas, et al. 2016; Van der Aalst, 

2016; Van der Aalst, 2017; Pourmasoumi & Bagheri, 2017).  

 

The most frequent added perspectives are the time perspective, the case perspective 

and the organizational perspective (Van der Aalst et al., 2011; Burratin, 2015; Rojas et 

al., 2016; Van der Aalst, 2016; Pourmasoumi & Bagheri, 2017). The added perspectives 

certainly ease to identify root causes of process performance issues and can also be 

used to repair or improve the model (Rojas et al., 2016; Van der Aalst, 2017).  

 

Furthermore, the derived model provides multiple perspectives in contrast to traditional 

models that provided only a limited view. Moreover, process mining tools enable analysts 

to seamlessly zoom in and out choosing the right level of granularity (van der Aalst, 

2011b).  
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Figure 5 Model Enhancement (Adapted from Van der Aalst, et al., 2011) 

 Enhanced performance analysis 

Performance analysis is using the conformance checking techniques while benefitting 

from the integration of further information. Event logs often contain information about the 

values of certain events, e.g. prices, quantities or information about suppliers and 

customers (Van der Aalst et al., 2011; Van der Aalst et al., 2017). These values and 

quantities can be added enhancing the process analysis and easing the root cause 

analysis (Van der Aalst, 2011b; Burratin, 2015; Van der Aalst, 2016). Furthermore, 

adding this information is also crucial for process monitoring and controlling (Van der 

Aalst, 2011b; Burratin, 2015; Van der Aalst, 2016). 

 

Firstly, adding the time perspective. By using timestamps of events obtained from the 

event log the time perspective can extend the model to show bottlenecks, service levels, 

throughput times and frequencies (Van der Aalst et al, 2011; Van der Aalst & Dustdar, 

2012). Thus, the time dimension is crucial for advanced conformance and performance 

analysis and monitoring (Van der Aalst, 2011b, Burratin, 2015; Van der Aalst, 2016). 

 

The second case perspective focuses on the verification of certain properties of cases 

(Jans et al., 2011; Van der Aalst et al., 2017). A process usually has a variety of decision 

points, e.g. accept or reject goods delivery. Those decision points determine the 

processes’ route or path. 

 Organizational process mining 

A third important perspective is the resource or organizational perspective (Van der Aalst 

et al., 2011; Van der Aalst & Dustdar, 2012; Rebuge & Ferreira, 2012; Rojas et al., 2016; 

Van der Aalst, 2016; Pourmasoumi & Bagheri; 2017). According to Van der Aalst et al. 

(2011, p.4), Van der Aalst (2016, p. 34) “the organizational perspective focuses on 

information about resources hidden in the log, i.e., which actors (e.g., people, systems, 

roles, or departments) are involved and how are they related”. The current theory focuses 

on analyzing people as process actors. Unlike current methods, process mining enables 
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to incorporate the social context of processes by capturing and measuring human 

behavior (Van der Aalst & Dustdar, 2012; Rebuge & Ferreira, 2012).  

 

Van der Aalst & Dustdar (2012) state that “friction between individuals can delay process 

instances, and the speed at which people work might vary due to circumstances that 

aren’t fully attributable” (pp. 84-85). Another example is given by Van der Aalst & Weijters 

(2004): “For example, process mining could be used to find that cases that require the 

cooperation of two specific workers have significantly longer processing times” (p. 237). 

According to authors of the process mining manifesto “the goal is to either structure the 

organization by classifying people in terms of roles and organizational units or to show 

the social network” (Van der Aalst, et al., 2011). In addition, “process mining can also 

visualize the remarkable flexibility of some workers to deal with problems and varying 

workloads” (Van der Aalst, 2016, p. 57). 

 

Process mining enables to discover analyze and measure the performance and workload 

of individuals and the relationships among themselves (Bozkaya et al., 2009; Van der 

Aalst et al., 2011, …). In addition, process mining makes it possible to discover roles like 

specialists which execute only a few activities and generalists that execute many 

different activities in the process to derive a role hierarchy (Bozkaya et al., 2009, pp. 23-

24)(Van der Aalst, 2011b, Van der Aalst, 2016, …). Furthermore, organizational entities 

such as teams can be discovered and their structure as well as their intertwining with 

other teams be analyzed (Rebuge & Ferreira, 2012). With process mining tools it 

becomes possible to derive the “as-is” organizational chart which, according to 

Pourmasoumi & Bagheri (2017) often differs from the existing documented 

organizational structure. The same authors state that “based on the discovered chart, 

the senior manager can make decisions, e.g., change the physical location of the 

employee based on their real connections.” Pourmasoumi & Bagheri (2017, 121). 

 

According to Rojas et al. (2016) the use case of organizational process mining is rarely 

applied in practice. Van der Aalst (2016) state that before analyzing the organizational 

perspective the data should be anonymized and aggregated to protect the privacy of the 

individual. The issues regarding data privacy and data security are stated in 2.8 

challenges and limitations.  
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 Online process mining 

An integrated process model is a precondition for the most ambitious form of online 

process mining for the purpose of operational support (Van der Aalst, 2011a; Van der 

Aalst, et al., 2011; Van der Aalst, 2016). Online process mining requires a highly 

structured process and “advanced IT infrastructure which provides high-quality event 

logs allows for the embedding of an operational support system” (Van der Aalst, 2011a, 

p. 4). In contrast to the previously introduced process mining use cases which merely 

using historic event data, these techniques make use of real-time data (Van der Aalst et 

al., 2011).  

 

The three online process mining activities use a mixture of historic and real-time data 

(Burratin, 2015; Van der Aalst, 2016; Pourmasoumi & Bagheri; 2017). Firstly, detection 

aims to identify deviations in run-time, while predictions enable short-term simulation, 

e.g. the estimated time of process completion. The idea of simulation is not new in the 

business process improvement discipline, however, traditional approaches require a lot 

of manual work and have flaws like a lack of reliability and training (Van der Aalst, 2011b; 

Dumas et al., 2013; Van der Aalst, 2016) According to Van der Aalst (2011b), process 

mining can overcome the limitations by incorporating event log data in the simulation 

algorithms.  

 

The third activity of online process mining is recommendation which enables to provide 

information about the certainties of possible actions in regard of their consequences to 

achieve the desired purpose, e.g. reduce waiting times for customers in a customer 

hotline (Van der Aalst, 2011b, Van der Aalst, 2016).  

 

In contrast of the offline application of process mining, “the output does not need to be 

interpreted by the process mining analyst and can be directly offered to end users” (Van 

der Aalst, 2011b, p. 4), for example, via e-mail notification. The application of online 

process mining is not widely used in the underlying literature. 

 Impacts of process mining 

As discussed in the previous chapter 2.6 Process mining capabilities event log data-

based process mining can overcome the limitations of traditional modeling techniques. 

In regard of the BPM life-cycle Van der Aalst (2011b) and Van der Aalst (2016) state that 
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process mining can fully close the BPM life cycle enabling the continuous iteration of 

business process improvement which has previously been an exception.  

 

For the stage of process discovery, the automatic process discovery is perceived as the 

most prominent process mining technique (Van der Aalst, et al., 2007). Referring to 

Burratin (2015) the discovery of the “as-is” process enabled by process mining is of great 

value for companies that want to become more a process-oriented business. 

 

In regard to the stage of process analysis, process mining conformance and 

enhancement techniques enable to analyze bottlenecks, compliance issues or real-time 

process monitoring. Burratin (2015) stated that applying those techniques require mature 

process capabilities. Furthermore, process mining is adding value to the process 

monitoring and diagnosing stage (Van der Aalst et al., 2011; Burratin, 2015; Van der 

Aalst, 2016).  

 

The stage of process implementation, the interpretation of results about the actions of 

process improvement requires decisions by the involved stakeholders (Van der Aalst, 

2011b, Van der Aalst, 2016). Burratin (2015) state that a “rigorous and standard 

procedure” to evaluate the results is required. However, it is a lack of current theory that 

current literature does not provide such a procedure. Van der Aalst (2011b) or Van der 

Aalst (2016), discuss the related actions of “redesign, adjust, intervene and support” only 

superficially. Referring to the previous stage of redesign in the BPM life cycle (Dumas et 

al., 2013), Van der Aalst (2016) state that in the analysis phase “… the process is not 

redesigned and no new software is created; only predefined controls are used to adapt 

or reconfigure the process (p. 391). According to Van der Aalst et al. (2011) and Van der 

Aalst (2016) the redesign stage in process mining is the starting point for a new iteration 

of the BPM life-cycle. 

 

Furthermore, process mining enables the application of process automation by 

automatically identifying the potential for automation. According to Geyer-Klingeberg et 

al. (2018) robotic process automation (RPA) uses software robots to replicate human 

tasks to boost process efficiency further. 

 

Van der Aalst (2011b), van der Aalst (2016), Thiede et al. (2018) and others state that 

the application of process mining is not limited to any function or industry. The general 

aims of process mining are: 
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• Increased efficiency (van der Aalst, Reijers & Song, 2005; Van der Aalst et al., 

2011; Van der Aalst, 2011b; Rebuge & Ferreira, 2012; Burratin, 2015; Van der 

Aalst, 2016; Van der Aalst et al., 2017; Geyer-Klingeberg et al., 2018) 

• Reduced costs (Van der Aalst, et al., 2011; Van der Aalst, 2011b; Rebuge & 

Ferreira, 2012; Van der Aalst, 2016; Pourmasoumi & Bagheri, 2017; Geyer-

Klingeberg et al., 2018),  

• Improved quality (Van der Aalst, 2011b; Rebuge & Ferreira, 2012; Van der Aalst, 

2016) and, 

• Ensure compliance of processes (Van der Aalst et al., 2011; Van der Aalst, 2016; 

Pourmasoumi & Bagheri, 2017; Geyer-Klingeberg et al., 2018). 

• Improve customer service, customer experience (Van der Aalst, et al., 2011; Van 

der Aalst, 2016; Pourmasoumi & Bagheri, 2017; Thiede et al., 2018) 

Van der Aalst et al. (2007) declare that “business process mining is a promising and 

potentially impactive way to deal with real organizational challenges” (p. 730). According 

to Rogers (2016), Westerman et al. (2014) as well as Matt, Hess & Benlian (2015) a 

current organizational challenge is digital business transformation. Aligned with the 

understanding of Lederer et al. (2017), Kerremans (2018) and Geyer-Klingeberg et al. 

(2018) state that process mining essentially enables digital transformation by identifying 

improvement potential with respect to key success factors like efficiency, speed, agility 

and compliance. There are multiple and different understandings about digital 

transformation (Mc Keown & Philip, 2003; Westerman, et al., 2014; Matt et al., 2015; 

Rogers, 2016; …). However, the definition by Lederer et al. (2017) corresponds with 

most of them. Referring to Lederer et al. (2017), “digital transformation refers to the 

optimization and digitization of organizational processes with the aim of operational 

excellence by data-based workflows. As a result, increasing potential for innovative 

business models emerge (…)” (p. 22). Current literature does not make further 

supporting arguments that process mining can enable digital transformation.  

 Challenges and limitations of process mining 

Throughout the literature review challenges and limitations of process mining were 

identified that are crucial for the application of process mining or represent a gap in 

current process mining literature. 

 

In addition to the gap in process mining research about how the derived insights from 

process mining analysis are turned into process improvement actions, the 
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understandability of process mining tools is a further issue. Rojas et al. (2016) and Van 

der Aalst et al. (2011) mention the understandability of algorithms and techniques as well 

as the usability of process mining tools as further challenges for non-experts. Burratin 

(2015) state that the dense of data represented by a graphical representation could 

negatively impact the understandability. According to van der Aalst (2016) “Process 

mining should not be a black box but provide insights understandable by humans” (p. 

451). Only, at some places, roles like domain experts or process analyst which are 

important to check or interpret results are mentioned (Rozinat & Van der Aalst, 2008; 

Van der Aalst, 2016). However, the current process mining theory is not revealing which 

know-how is needed for using process mining. 

Process mining depends on event log data. The data extraction and transformation of 

event data is the most difficult and effortful task (Van der Aalst et al., 2011; Rojas et al., 

2016; Van der Aalst, 2016; Thiede et al., 2018). The continuous organizational change 

especially the increased digitization and digitalization of business processes have led to 

the emergence of complex and legacy information systems (Bozkaya, et al., 2009). This 

is typical for information systems in larger organizations which are hard to maintain and 

where data is distributed across different systems (Bozkaya et al., 2009; Van der Aalst, 

2016; Thiede, 2018). Consequently, those systems complicate the extraction of 

meaningful data (Bozkaya et al., 2009).  

When data is collected the next step is data pre-processing aiming to assess the data 

quality to correct it (van der Aalst & Weijters, 2004; Bozkaya et al., 2009; Măruşter & van 

Beest, 2009; Van der Aalst, et al. 2011; Rebuge & Ferreira, 2012; Helm & Paster, 2015; 

van der Aalst, 2016). To derive a filtered event log usually requires multiple iterations of 

data extraction, filtering, and mining (van der Aalst, 2016). Although the literature is 

extensive, the extraction and transformation remain of the crucial importance of process 

mining application. 

According to Van der Aalst (2016) “privacy, security, law, and ethics are key ingredients 

to protect individuals and organizations from “bad” data science practices” (p.14). Since 

event data contains sensitive data about customer or employee names data privacy is 

of great importance (Van der Aalst, 2016). When applying process mining across the 

organization (Thiede et al., 2018), companies “may not want to share information for 

competitive reasons or due to a lack of trust (Van der Aalst et al., 2011, p. 12).  
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Next to privacy and security concerns, process mining implies a great responsibility. 

Referring to van der Aalst (2016): “Fairness, confidentiality, accuracy, and transparency 

should be key concerns for any process miner” (p. 451). Process mining techniques 

enable to measure employee’s performance (Van der Aalst 2011b; van der Aalst et al.  

2007; van der Aalst, Reijers & Song, 2015; Van der Aalst, 2016). Process mining can be 

misused by managers to leverage the Yerkes-Dodson law of arousal “which describes 

the relationship between workload and performance of people” by intentionally increase 

the workload of employees with the purpose of higher productivity (Van der Aalst, 2016). 

Pourmasoumi and Bagheri (2017) state that findings can lead to changes in the physical 

location of employees. Van der Aalst (2016), Van der Aalst (2007), van der Aalst, Reijers 

& Song (2005) agree that managers should not misuse process mining.  

Ethical behavior means also to assess the quality of event data via conformance 

checking and cross-validation (Van der Aalst et al., 2011; Van der Aalst, 2016). Referring 

to Van der Aalst (2016) “an analyst always needs to assess and communicate the 

confidence level” (p. 451). Current process mining theory has a clear gap of addressing 

these issues. In regard of the underlying relevant literature of the thesis, only sources 

from Wil van der Aalst addresses the issues of data privacy and ethical behavior in 

applying process mining. The comparison between the process mining book from 2011 

(Van der Aalst, 2011b) and the more recent publication from 2016 (Van der Aalst, 2016) 

indicates that these topics become more important. 

 Motivation for empirical research 

Regarding the identified challenges of process mining, I have defined the following 

second research question to support answering my overall research question. 

 RQ2: What are the success factors of process mining? 

Along with the objective answering my first research question I conducted an illustrative 

case study research by interviewing vendors and users of process mining applications, 

and applied process mining in a fictional case context. The underlying methodology of 

my research is outlined in the next chapter 3. Research Method.  
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3 Research Method 

This chapter is about the philosophical assumptions of the author and the underlying 

research philosophy of the thesis. Thereupon, an aligned research design and research 

strategy is chosen that is suited to answer the research questions. The main part forms 

the description about how the data is collected and analyzed. Finally, measurements to 

ensure a great research quality as well as a high ethical standard are outlined. 

 Methodology 

Research is about acquiring new knowledge in a particular field and the nature of that 

knowledge (Saunders, Lewis & Thornhill, 2009). Research projects are based on 

different underlying philosophical assumptions that determine the conceptualization of 

the research project (Saunders, et al. 2009; Easterby-Smith, et al., 2015). Thus, a 

researcher needs to be aware of his or her own philosophical assumptions before 

developing an appropriate research design (Saunders et al. 2009; Easterby-Smith et al., 

2015). Furthermore, it supports the scholar’s reflective role and the argumentation about 

how the author generates and interprets knowledge (Saunders et al., 2009).  

 Research philosophy 

The basic philosophical directions are ontology and epistemology (Saunders et al. 2009; 

Easterby-Smith et al., 2015). According to Byrne (2017) ontology comes from the Greek 

“ontos,” which means being, and “logos,” meaning study” (Byrne, 2017). It is concerned 

with the nature of reality. Researchers differentiate between the two main concepts of 

realism (Easterby-Smith et al., 2015) which is similar to objectivism (Saunders et al., 

2009), and relativism (Easterby-Smith et al., 2015) that is also named subjectivism 

(Saunders et al., 2009). In regards of answering my research questions and hence the 

fact that theory in the related field is still in its infancy, the research relies on the 

knowledge contribution of the involved research participants. I as a researcher, and the 

research participants are socially connected human beings and therefore we are part of 

the reality that is being observed. Thus, I take a relativist ontology. This philosophical 

position accepts that there are many truths created by people (Easterby-Smith et al., 

2015). 

 

In regard of the epistemology, I support the constructionist approach that the social 

reality is a crucial part of how people acquire knowledge through social interaction like 

intuition or reflection (Easterby-Smith et al, 2015). Choosing a constructionism research 
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design allows me gathering rich data from the research participants from which ideas are 

induced (Easterby-Smith et al., 2015, p. 53). A constructionism epistemology is linked to 

the ontology of relativism (Easterby et al., 2015, p. 54). In the case of my research the 

context and feelings of the author and the involved research participants or ‘social actors’ 

are fundamental for a creative and natural design to gather rich data and a reflective 

(less artificial) interpretation (Saunders et al., 2009). One strength of a relativist 

constructionist research is the acceptance of multiple data sources (Easterby-Smith et 

al., 2015). On the other side, data collection and analysis are therefore time-consuming 

and difficult tasks. Furthermore, constructionism is suited for the development of new 

theories and the identification of emergent topics (Easterby-Smith et al., 2015). In 

contrast to an internal realist positivistic philosophy which also facilitates theory 

generation, the generalization of a relativist constructionist stance is not limited to the 

given sample. In conclusion, I believe that that a relativist constructionist philosophical 

stance is well-suited to answer the defined research questions and in addition, provides 

new insights to the young research area of process mining. Moreover, it also reflects my 

personal understanding of values which affect the research process, particularly during 

data collection and analysis (Saunders et al., 2009). 

 Abductive research approach 

My research philosophy is attached to an inductive research approach. A constructionist 

inductive approach aims towards theory generation through qualitative data collection 

from small samples (Glaser and Strauss, 1967; Saunders et al., 2009), in contrast to an  

deductive approach which builds on existing theory (Dubois & Gadde, 2002) and aims 

towards theory testing by using large samples of quantitative data (Saunders et al.,2009). 

The fact that theory about process mining is rather emergent than established which 

would support theory testing favors my decision to adopt a rather inductive approach 

(Saunders et al., 2009). In addition, deductive approaches are mainly based on a 

positivistic research philosophy (Saunders, et al., 2009; Easterby-Smith et al., 2015). 

Both approaches share that they follow a rather linear and artificial research process, 

which tends to ignore the discovery of new insights that emerge during the research 

process (Dubois and Gadde, 2002). According to Kovács and Spens (2005) neither a 

pure inductive nor a deductive approach have brought great research findings.  

 

Dubois and Gadde (2002) present a third approach of abduction. During abduction, 

theory and reality are continuously confronted, facilitating a non-linear research process 

(Dubois & Gadde, 2002). By going back and forth between the literature of process 
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mining, BPM and the empirical data reflecting the reality the abductive approach is well-

suited to develop theory in process mining further and moreover enable the discovery of 

new things (Dubois & Gadde, 2002). An abductive approach is also beneficial for the 

exploratory nature of this study to find out “what is happening; to seek new insights; to 

ask questions and to assess the phenomena in a new light (Robson, 2002, p. 59).” 

(Saunders et al., 2009).  

 Research strategy: illustrative case study 

The research strategy must be aligned with the research philosophy and research 

approach. Saunders et al. (2009) and Easterby-Smith et al. (2015) provide a variety of 

research strategies. However, not every strategy fits to an abductive research approach. 

According to Kovács and Spens (2005) action research and case studies use abductive 

reasoning hence within both strategies data collection and theory development happen 

in parallel. Eisenhardt & Graebner (2007) agree with Dubois and Gadde (2002) that 

“case studies provide unique means of developing theory by utilizing in-depth insights of 

empirical phenomena and their contexts” (p. 555).  

 

My original idea to conduct a case study with a company that has implemented process 

mining or is planning to do so has failed due to the reasons outlined in 8.1 Limitations. 

Against this backdrop, I developed an alternative approach to meet the demand of a 

young process mining literature of real-life research studying the impacts of process 

mining. The result is an illustrative case study research strategy. I am convinced that the 

taken case study research creates an understanding that would have otherwise not been 

achieved. 

 

Case studies regularly denotes the combination of multiple sources of qualitative or 

quantitative manner to ensure credibility and accuracy of the research findings 

(Eisenhardt, 1989). The intermediate position of case study research strategy by 

Eisenhardt and Graebner (2007) agrees with the abductive reasoning of Dubois and 

Gadde (2002) whereby the constructionist, inductive theory creation from cases is 

complemented by a positivist, deductive part to test the emerged data against existing 

theory. With inductive theory building from cases producing new theory from data and 

deductive theory testing completing the cycle by using data to test theory. According to 

Dubois and Gadde (2002) the evolving case is part of the matching process between 

theory and reality. Applied to my research, I conducted qualitative semi-structured 

interviews with participants in the field of process mining to collect rich information in 
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order to answer the defined research questions. The illustrative case is a chosen case 

company that has implemented process mining. In order to establish a high degree of 

credibility of the chosen case and its context extensive secondary data in terms of 

company and industry reports were collected. In regard of the need of real-life 

demonstrations of process mining I applied process mining to an identical case context 

using exemplary event log data. However, the collected primary interview data builds the 

empirical backbone of my thesis. 

 

Scholars discuss the limitations of case studies. Yin (1994) and Yin (2003) criticize that 

case studies are too situation specific and therefore allow only a limited generalization. 

The criticism of being too situation specific has led scholars arguing for the application 

of multiple cases (Yin, 1994; Eisenhardt, 1989; Miles and Huberman, 1994). Dubois and 

Gadde (2002) agrees with Easton (1995) that multiple case studies tend to result in more 

breadth and less depth, eliminating the actual strength of case study research. 

Consequently, many case studies describe everything and as a result describe nothing 

(Easton, 1995; Weick, 1979) because of a rather sloppy research design (Yin, 1994). 

However, Dubois and Gadde (2002) argue that the most significant choice is not between 

single and multiple cases it depends rather on the research objective. Furthermore, the 

authors state that the weakness of being too situation-specific is outdated and argue that 

it has become an opportunity to generalize findings (Dubois & Gadde, 2002).  

Scholars agree that case studies are typically based on a variety of data sources 

(Eisenhardt & Graebner, 2007; Saunders et al., 2009; Easterby-Smith et al., 2015) which 

positively support their credibility and accuracy (Yin, 1992; Dubois & Gadde, 2002). 

According to Yin (2003) the use of multiple data sources often results in large amounts 

of data which makes authors interpretations biased. To address this problem the 

following research design aims to define a clear research procedure about the methods 

and data used for data collection and analysis. Furthermore, the “combining sources of 

evidence, while shifting between analysis and interpretation, usually denotes 

triangulation” (Dubois and Gadde, 2002, p. 556), see 3.6 Triangulation. 

 Methods 

 Case selection 

The inaccessibility and characteristic of event log data has hindered my objective to 

conduct the research project in cooperation with a case company (see 8.1 Limitations). 
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Process mining vendors like Celonis SE or Lana Labs GmbH provide publicly accessible 

process mining case studies on the corresponding websites. The free accessibility of 

using a case study to simulate the application of a typical process mining projects 

supports the replicability and the overall credibility of my research. Thus, I applied 

purposeful sampling to select a case that is based on the decision of the author 

(Saunders et al., 2009). When reviewing the different case studies, I decided to apply 

three criteria for my case selection. 

 

The first criterion concerned the choice of the company. To introduce the case and 

describe the context of phenomena under investigation (6.2 Context of phenomena 

under investigation) sufficient public accessible information about the company and its 

industry must be available. The second criterion was the type of industry the company is 

active in. The conditions of the specific industry should be found in different industries to 

enable generalization of the research findings. Thirdly, the analyzed process in question 

should be a typical process that can be find in most businesses further facilitating 

generalization of the findings. 

 

In conclusion, the chosen case company and industry as well as the case process offer 

the opportunity to conduct a credible, replicable and trustful case study research. In 

addition, the case selection does not limit the generalization of the findings. On the other 

side, one could criticize that the case paper of REWAG published by the process mining 

vendor Celonis could be untrustworthy or biased. Of course, like any other company, 

Celonis has an interest in advertising and marketing its products in a positive manner by 

using reference cases. Even when the capabilities and achieved benefits tend to be 

emphasized in such reference cases an aspirational company like Celonis has no 

interest in risking its credibility and reputation by distributing false information. 

 Primary data collection 

The main part of my research strategy is the collection of qualitative data. There are 

different techniques for gathering qualitative data exists, for example, interviews, 

observational research or action research (Easterby-Smith et al., 2015). However, I 

decided to conduct interviews because they “[…] enable researchers to access 

information in context, and to learn about phenomena which is otherwise difficult or 

impossible to observe” (Easterby-Smith et al., 2015, p. 134). Eisenhardt (1989) and 

Eisenhardt and Graebner (2007) state that interviews are an efficient method to collect 

empirical data for case study research. Furthermore, qualitative non-standardized 
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interviews support me to understand the meanings that participants ascribe to various 

phenomena which is aligned with the taken epistemology of constructionism and my 

research strategy and approach. 

Semi-structured interviews 

In regards to the interview structure Easterby-Smith et al. (2015) and Saunders et al. 

(2009) distinguishes between structured, semi-structured and unstructured. I decided to 

conduct semi-structured interviews which are based on a list of questions covering the 

research topic (Saunders et al., 2009; Easterby-Smith et al.; 2015). Semi-structured 

interviews are well-suited to the abductive approach by providing the opportunity let 

interviewees explain to develop and in parallel build on their responses to test theory 

(Saunders et al., 2009). In contrast to standardized structured interviews which aim to 

collect quantifiable data (Saunders et al., 2009), semi-structured interviews for the 

purpose of my research allow flexibility for a more natural but guided conversation that 

is also open for the discovery of new significant ideas and themes (Saunders et al, 2009; 

Easterby-Smith et al.; 2015).  

 

In order to achieve a certain level of guidance a topic guide is a helpful instrument of 

conducting semi-structured interviews. According to Saunders et al. (2009) data quality 

issues related to reliability, form of bias, and validity and generalizability, can come up 

when using semi-structured interviews. Reliability is concerned with whether alternative 

researchers would reveal similar information (Easterby-Smith et al. 2015). Related to 

issues of reliability, the risk of bias is present during data collection and interpretation. 

The topic guide should support avoiding that I impose my own beliefs and frame of 

reference through the questions I will ask (Saunders et al., 2009) 

Selection of interview participants 

When I decided to write my master thesis about the topic “Process Mining” I purposefully 

extended my professional network using the Social Media platforms of LinkedIn and Xing 

with contacts from vendors of process mining applications as well as end-users and other 

experts in the area of process mining or BPM. With the help of a selling thesis proposal 

(see Appendix 1) and a respectful manner of contact I received positive feedback from 

35 contacts that would willing to support my research project. I have applied purposive 

sampling (Easterby-Smith et al., 2015) to select interview participants that cover the topic 

of process mining from different angles and different levels of expertise. However, only 

eight interview respondents confirmed the invitation for conducting an interview. 
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Despite that I was able to interview a heterogenous and knowledgeable set of 

interviewees which could be divided into two groups. The first group “A” consists of four 

interviewees who are working for process mining vendors and are involved in customer 

projects. The second group “B” of the other four respondents are two current and 

knowledgeable end-users of process mining with profound expertise in BPM as well as 

two respondents with little knowledge about process mining but huge experience in BPM 

research and the application of business process improvement in a sales context.  

 

A brief introduction about the background of the participants is given to point out their 

context and knowledge in the field to support the meaning and interpretation of their 

statements. 

 

The participants of group A: 

Table 1 Interview respondents 

ID Title, function 
Type of 

company 

Experience 
in relevant 

field 

Date, time, 
length of 
interview 

Level of 
relevant 
expertise 

A1 
Chief Mining 
Officer, Sales 

Process 
mining vendor 

W 
10 years 

16.04.2019, 
90 min 

Expert 

A2 

SAP Presales & 
Business 

Development 
Manager 

IT, indirect 
process mining 

vendor X 
5 years 

16.04.2019, 
70 min 

Expert 

B1 

Head of Product 
and Market 

Management 
B2C, Sales 

Energy- Utility 10 years 
18.04.2019, 

60 min 
Expert & 
End-User 

A3 
SME Sales Lead, 

Sales 

Process 
mining vendor 

Y 
2 years 

23.04.2019, 
60 min 

Expert 

B2 

Professor of 
Business 

Information 
Systems Science 

German 
university 

18 years 
24.04.2019, 

65 min 

BPM 
Expert, 

Potential 
end-user 

A4 
Data Scientist, 

Sales 

Process 
mining vendor 

Z 
2 years 

24.04.2019, 
60 min 

Expert 

B3 
Internal BPM 
Consultant 

Automotive 
Auditing 

2 years 
25.04.2019, 

60 min 
End-user & 
BPM expert 

B4 
Sales Lead 

(Sales Manager) 
Digital sales 

platform 
none 

26.04.2019, 
90 min 

Potential 
End-user 
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(A1) A1 is Chief Mining Officer and co-founder of process mining vendor W with 10 years 

in-depth knowledge in the industry, A1 is responsible for sales and marketer process 

mining internationally.  

(A2) The second respondent of group A named A2 is an SAP Presales & Business 

Development Manager at vendor X with 5 years experiences in SAP and process 

mining in customer projects.  

(A3) Participant A3 is the Sales Lead for small and medium sized customers at vendor 

Y for about two years. 

(A4) The fourth member of group A is a data scientist with a background in mechanical 

engineering at vendor Z for almost 2 years. A4 is responsible for the technical part 

within customer projects, supporting customers by the extraction and transformation 

of event data.  

 

The participants of group B: 

(B1) With over 20 years’ experience the participant B1 has accompanied the 

liberalization of the utility industry. Today the participant is responsible for the 

growth business, e.g., Smart Home, for 2.5 million customers. For the customer-

facing business process mining is used for more than ten years. 

(B2) The second respondent of group B named B2 is a professor in business informatics 

at a German university with over 40 years’ experience in information technology 

and 18 years thereof as a scholar within the field of business process management 

with several publications. 

(B3) Participant B3 has experience in business intelligence projects in the utility sector. 

As an internal consultant for business process management within an automotive 

auditing company B3 is currently involved in piloting process mining. 

(B4) The fourth member of B4 is a former sales director of a leading industrial lubricant 

company. With 30 years’ experience in different sales functions B4 is now the 

global sales director of a marine lubricant sales platform-based start-up. B4 has no 

experience in process mining but worked in several projects related to process 

improvement. 

Development of topic guide 

After selecting the interview respondents, a topic guide needs to be developed. A topic 

guide serves as the interview preparation and is an important instrument to collect 

relevant data to answer the research questions. Furthermore, it supports the interviewer 

to choose an appropriate attitude and language (Easterby-Smith et al., 2015) The topic 
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guide is divided into three parts (Easterby-Smith et al., 2015). The opening questions 

aim to understand the context and experience of the interview respondents. In addition, 

the first part should support the establishment of a trustful atmosphere and relationship 

(Easterby-Smith et al., 2015) by clarifying open questions and the agreement of the 

informed consent. The informed consent is a crucial instrument to ensure compliance 

with ethical standards in research, outlined in 3.5.1 Research ethics and quality and at 

this stage to further enhance the important interview element of trust. 

 

The second part of interview questions is about the relevant key topics. According to 

Easterby-Smith et al. (2015) questions should be clear and easy to understand. In 

addition, questions should rather be open-ended in a semi-structured interview 

(Saunders et al., 2009). Those questions support open-ended answers whereby the 

interview respondents are given the “space” to make use of real-life examples and 

experiences (Easterby-Smith et al., 2015). Although open questions avoid becoming 

biased, probes can sometimes be a useful technique “[…] to improve, or sharpen up, the 

interviewee’s response (Easterby-Smith et al., 2015, p. 143). Furthermore laddering-up 

and laddering-down techniques are helpful to gather in-depth details of topics that are of 

great relevance (Easterby-Smith et al., 2015).   

 

The third part of my topic guide contains closing questions (Easterby-Smith et al., 2015) 

which are of holistic nature to facilitate correct understanding and interpretation of the 

interviewee’s answers. Finally, I communicate my appreciation of the respondent’s 

participation. The German and English versions of the topic guide are outlined in 

Appendices 2 and 3.  

Conducting the interviews 

The interviews were conducted between 16th and 26th April 2019. Due to the fact, that 

the interviewees were located across Germany I decided to conduct remote but 

synchronous interviews (Easterby-Smith et al., 2015) by using telephone or video chat 

services like Skype. The reasons were the flexibility and the costs. In regard to a limited 

financial budget, remote interviews enable a great deal of flexibility, while interviews can 

be scheduled in non-office hours or rescheduled easily.  

 

When using Skype or other similar services, the preferred option was to use a video 

conference instead of a solely audio conference. A video conference has the advantage 

to perceive the gestures and facial expressions of the interviewees which supports the 
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underlying but important elements of normal face-to-face communication (Easterby-

Smith et al., 2015). However, remote interviewing will not make up for the “[…} immediate 

contextualization, depth and non-verbal communication of a face-to-face interview” (p. 

135). 

 

Another important factor is the chosen language. The interviews were held in German, 

hence the mother tongue of all research participants and the author’s mother tongue is 

German. Thus, the risk of language barriers and misunderstandings was reduced to a 

minimum. Another risk that I have experienced over and over when using an online video 

chat service is the individual configuration of each other computer as well as an unsteady 

internet broadband. Therefore, the warm-up phase of the interviews was used to observe 

if possible interfering factors are occurring. The interviewees were offered to choose 

between 60 minutes and 90 minutes interview length. Hence, qualitative research is of 

rather exploratory nature and involves open-ended questions, it is important to record 

the entire interaction between researcher and participants (Easterby-Smith et al., 2015). 

 Secondary data collection 

For the theoretical background of my thesis I used academic articles and books. The 

process of extracting the literature is stated in chapter 2.1. 

 

For the case selection and introduction, as well as the context of phenomena under 

investigation, I used secondary data in form of company reports, books and websites. In 

order to guarantee a high level of credibility (Easterby-Smith et al., 2015) I selected only 

trustworthy and publicly accessible information.  

 

Since event log data of the chosen case company or any other company was not 

accessible, I contacted vendors of process mining for example event log data. The 

company Celonis as the market leader of process mining has setup a program for 

students, teachers and researchers called Celonis Academic Alliance (Celonis SE, 

2019a). The Celonis academic alliance provides interested parties with a free account of 

their process mining tool, the opportunity to take an e-learning online course in process 

mining and additional material like case studies. Every interested student or researcher 

can register for the Celonis Academic Alliance using the following link: 

https://academiccloud.celonis.com/login/register (Celonis, 2019b). After signing up, the 

Celonis academic cloud can be accessed and different processes using dummy event 

data can be used to get to know the capabilities of process mining.  
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In regard of my research project, I decided to use the “Purchase-to-Pay (Small)” data set 

(Celonis, 2019c), to simulate the application of a process mining of the chosen case 

company and the considered Purchase-to-Pay (P2P) process. P2P is a typical process 

of the procurement function of every company (Dumas et al., 2013; Geyer-Klingeberg, 

et al., 2018). According to van der Aalst (2016) “procurement entails all activities to get 

the materials needed for production” (p. 397) and services that a company provides. A 

superior designed and flexible P2P process can despite it’s a non-customer facing 

process result to achieve a competitive advantage (Dumas et al., 2013). 

The data covers all purchase order items and their related values and resources for a 

total year. The main purpose is to achieve an understanding about how process mining 

works in practice. Furthermore, the analysis of event log data by using a process mining 

tools like Celonis aims to complement the findings of the interviews. The clear limitation 

is that the accessible event data does not reflect the data of the chosen case company 

one-to-one. In addition, the event data was already available, and no new data has been 

added. Furthermore, that data no extraction and transformation of data was required. 

Consequently, the invested time and effort to collect the data was relatively low which 

should not undermine the required capabilities for data analysis. However, taking the 

existing event log enables to overcome the barriers of otherwise confidential and 

disclosed event data of a case company.  

 Methods of data analysis 

After the methods for data collection are outlined in the previous paragraphs this chapter 

presents the method how the data is analyzed to answer the defined research questions. 

 Primary data analysis 

The conducted qualitative study resulted in large amounts of unstructured data 

(Easterby-Smith et al., 2015). According to Easterby-Smith et al. (2005) there are various 

approaches for the analysis of qualitative data, for example, content analysis, grounded 

theory or narrative analysis. However, the method for data analysis must match with the 

chosen research approach (Easterby-Smith et al., 2015). According to Spens and 

Kovács (2006) content analysis is an appropriate method for an abductive research 

approach. Hsieh and Shannon (2005), and Spens and Kovács (2005) agree that content 

analysis can develop theory from qualitative textual data by finding meaningful patterns. 

Therefore, I applied a conventional approach of a content analysis to help me structure 

the content and reduce the complexity of the empirical data (Hsieh & Shannon, 2005). 
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Spens and Kovács (2006) state “The objective in qualitative content analysis is to 

systematically transform a large amount of text into a highly organized and concise 

summary of key results” (p. 94). 

 

In order to answer my research question, I applied two pre-determined dimensions. The 

first dimension of “impacts of process mining” is related to answer my first research 

question. The second dimension is about analyzing the empirical data for answering my 

second research question about the success factors of process mining application.  

 

As a first step, I transcribed the recorded interviews in German language (Erlingsson & 

Brysiewicz, 2017). Thereafter, I read and re-read the transcripts to get familiar with the 

data and identify first main ideas and points (Hsieh & Shannon, 2005). In regard of the 

analysis of the transcribed data I divided the text in so-called meaning units by labelling 

relevant words, sentences or concepts which are condensed further without losing the 

core meaning (Erlingsson & Brysiewicz, 2017). To support a systematic procedure and 

structure I have created an Excel table (Appendix 6). This is the basis to summarize the 

meanings by formulating codes (Hsieh & Shannon, 2005).  

 

By organizing and comparing the codes patterns and relationships were identified and 

grouped or connected to categories. The applied abstraction process is illustrated in 

table 2. I have then translated my findings from German into English. Although these 

steps build on each other, content analysis is a continuous and creative process of 

coding and categorizing which requires to return to the raw data to reflect the initial 

analysis (Erlingsson & Brysiewicz, 2017, p. 95).  

  



 

42 

 

Table 2 Abstraction process 

 

Highest level of abstraction 

 

 

 

 

 

 

 

 

 

Lowest level of abstraction 

Category Success factors of process mining 

Sub-category Process improvement 

Code No systematic approach 

Meaning unit 

“I am not aware that a customer 

follows a systematic approach to 

implement identified process 

improve potentials.” 

 

Secondary data analysis 

For analyzing the literature review I conducted a literature review, stated in chapter 2.1 

Process of extracting the relevant literature. To present the case company and the 

context of the phenomena under investigation I used carefully selected trustful company 

reports and websites as sources of information.  

Analyzing event log data 

As described in 3.3.4 Accessing event log data, I made use of the process mining tool 

from Celonis to apply process mining analysis to the case company REWAG. For the 

preparation I completed a six-week Celonis online course for process mining. Due to the 

credibility and replicability of the data analysis, I took only five standard analysis 

examples of the chosen purchase-to-pay process which are possible to redo without any 

in-depth experience of the applied process mining software. The example data and 

illustrations are derived from the dashboard, the variant explorer and automation 

template of the given Purchase-to-Pay (Small) process. 

 Triangulation 

My analysis and interpretation of multiple sources of data denotes triangulation 

(Easterby-Smith et al, 2005; Saunders et al., 2009; Dubois & Gadde; 2012). 

Triangulation supports the incorporation of more than one perspective “[…] in order to 
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increase the confidence in the accuracy of observations” (Easterby-Smith et al., 2005, p. 

343). Firstly, the present set of interviewees could be divided into two contrasting groups 

of vendors (Group A) and end-users (Group B) which enables to incorporate two different 

perspectives and thus contributing to the credibility of the findings. 

The most important method is the collection and analysis of qualitative primary data 

through semi-structured interviews. The application of process mining using event log 

data is supporting to verify the findings by using some numbers. In addition, it facilitates 

a better understanding and interpretation of the empirical data and the overall topic of 

process mining.  

 Research ethics and quality 

 Research ethics 

Throughout a research project the researcher encounters a variety of ethical issues. As 

the author of this thesis it is my responsibility to continuously reflect how my research 

affects the research participants, and research audience and the wider field of business 

and management science. Bell and Bryman (2007) have developed ten principles of 

ethical research practice which I have applied to my thesis. The first six principles are 

concerned with the interests of the research participants while the last four aim to protect 

the research community (Easterby-Smith et al., 2005).  

 

In order to ensure that the interview respondents will not get harmed during and after the 

research project I took the following measures. Firstly, I created an informed consent 

that every research participant received at least 48 hours prior conducting the interviews 

(see Appendix 4). In addition, the informed consent needed to be signed before the 

recording of the interviews started. Furthermore, the informed consent informs the 

research participant about the nature and independence of my research from any 

personal or professional affiliations (Easterby-Smith et al., 2005; Bell and Bryman, 2007).  

 

The research participants were informed about their rights that their participation is 

voluntarily and that they can withdraw from the research project at any given time. In 

addition, the participants were given the right to review the transcripts and make changes 

if they feel uncomfortable or misunderstood.  
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The interviews were conducted remotely via telephone and online audio and video call 

services like Skype. The research participants could select the date and time as well as 

the duration of the interview by themselves. Thus, I ensured that participants will not get 

harmed physically or psychologically (Bell and Bryman, 2007) and that their privacy is 

protected. The developed topic guide and its questions were carefully designed to ensure 

the dignity of the respondents. In addition, research participants could leave out any 

question that they feel uncomfortable with.  

 

In addition, the informed consent contains detailed information how the data is collected, 

processed and stored. In order to ensure confidentiality (Bell and Bryman, 2007), the 

recorded interviews as well as the transcripts are exclusively stored on my personal 

computer reducing the risk of data breaches by using services like cloud computing. 

Furthermore, the participants have been informed that the data is only used for the 

purpose of my research and that it will be deleted after passing the final examination of 

my studies. Moreover, the names of the research participants have been anonymized, 

and company names pseudonymized (Bell and Bryman, 2007) and personal data, e.g., 

contact details are stored safely to protect the participants identities to ensure their 

privacy (Bell and Bryman, 2007).  

 

The measurements stated above as well as the opportunity to contact the researcher at 

any given time to ask open questions or request further information about the research 

ensure a high level of transparency and honesty (Bell and Bryman, 2007). Both are 

important to build a trustful relationship which is especially important when doing 

interviews remotely without having met in person before. Therefore, any damaging and 

purposeful deception through misleading of the participants is consequently avoided 

(Bell and Bryman, 2007).  

 

It is of my personal interest to derive credible and trustful results. Therefore, I only 

considered the data from the recorded interviews for the data analysis of the empirical 

results. Any purposeful misinterpretation (Bell and Bryman, 2007) would not only 

eliminate trust but also damage my reputation in relation to the participants and the wider 

research audience. The interpretations I made are based exclusively on my findings. 

 Research quality 

The role of the researcher demands to reflect on important research quality issues. Guba 

(1981) has developed a framework of four criteria of credibility, transferability, 
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dependability and confirmability to assess and ensure trustworthiness for qualitative 

studies. Although I make limited use of quantitative data, and as stated in 3.1.3 Research 

strategy: illustrative case study my research is by a large majority of qualitative nature. 

Thus, I applied those four criteria by incorporating contributions from other researchers 

too. 

 

According to Guba (1981) and Shenton (2004) credibility is one of greatest concern of 

research quality hence credibility reflects to which degree the derived findings meet the 

research objectives. It is also known as internal validity. As I have used multiple sources 

of data, I apply triangulation which is referring to Shenton (2004) enhancing the credibility 

of my research (see 3.3.2 Triangulation). Shenton (2004) mentions the term of site 

triangulation which I interpret as an advantage of my alternative research design to 

interview knowledgeable and heterogeneous participants unrelated to the case. In order 

to create credibility, I made a thick description about the context of the phenomena under 

investigation (see 6.2).  

 

Referring to Shenton (2004) the contextual information is crucial for the second quality 

criteria of transferability (Guba, 1981) which is also named external validity. 

Transferability is closely related to generalization which means to which extent the 

findings can be applied to situations different from the present research. I addressed the 

issue of generalization of single case studies in 3.1.3 Research strategy: illustrative case 

study. In regard of the context, I am convinced that the analyzed economic environment 

of the German utility industry and the electricity industry can be easily transferred to other 

industries like automotive or agriculture. Guba (1981) state that the applied purposive 

sampling is good for transferability. Furthermore, information about participants as stated 

in table 1 (see 3.3.2.2 Selection of interview participants) supports the transferability 

further. The event log data as well as the required process mining tool and the used 

process mining case study of REWAG are also publicly accessible and can be enhanced 

by another sample of interview respondents. However, and in regard of the small sample 

of eight interviewees, I agree with Shenton’s statement (2004) that the transferability of 

a study should not undermine the uniqueness and depth of qualitative research. 

The third criterion refers to the dependability of the research. Shenton (2004) 

understands dependability as the “in-depth methodological description to allow study to 

be repeated” (p. 73) resulting in a so-called audit trail (Guba, 1981). The research 

approach, the strategy as well as the decisions about which methods I chose for data 
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collection and data analyses are described in that way that it would enable other 

researchers to use my research design as a prototype model (Shenton, 2004) to 

investigate the research questions with a different set of primary and secondary data. 

The continuous reflective perspective during the development of the research process 

as well as the general limitations stated in 8.1 Limitations aim to support the 

dependability of my thesis. 

Confirmability is the fourth criterion (Guba, 1981; Shenton, 2004). Guba state that again 

triangulation, and reflexivity are two factors that are positively associated with the 

objectivity of the research. In regard of reflexivity, I exposed my underlying philosophical 

assumptions which guide the whole research process in section 3.1 Research 

philosophy. In contrast to Guba (1981), Shenton (2004) state that the audit trail is related 

to the confirmability. Shenton (2004) refers to diagrams like the example for applying 

content analysis to the primary data of my research illustrated in Table 2. According to 

Shenton (2004) triangulation here refers to reduce the risk of biased data collection and 

analysis which is omnipresent when dealing with qualitative human-involved data. The 

use of multiple data sources and perspectives ensure a high degree of objectivity. 
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4 Empirical results 

 Impacts of process mining 

For the first category of impacts of process mining the following sub-categories were 

developed by applying content analysis techniques: automatic discovery of the as-is 

process, transparency, analytical capability, achieving strategic objectives.  

 Group A 

Automatic discovery of the as-is process 

The vendors argue, that current methods are inappropriate to model or show the actual 

as-is process. For example, A1 and A2 share their experiences that process modeling 

often relies on the expertise and subjective perception of involved process owners. On 

the other side, both argue that while current methods and tool are appropriate to model 

higher level of processes, e.g. organizational processes, cannot deal with the high 

degree of variants and overall complexity of operational processes. Overall, the 

statements focus mostly on further impacts.  

 

Transparency 

The second most perceived impact of process mining is transparency. According to A1, 

“The most important thing is transparency – You need to know how your business 

processes operate today in order to improve them”. Aligned with the understanding of 

A2, A3 states that process mining provides transparency or a complete “overview about 

processes – what was not possible before”. The transparency enables to identify the 

weaknesses which can the questioned and resolved. An essential factor is the 

visualization of data offered by process mining tools. 

 

On the other side, respondents of group B acknowledged that transparency is also a risk 

factor. For instance, A1 outlined, “Some managers don’t want to have so much 

transparency and would block the application of process mining”. In addition, as 

In this chapter, I present the findings of the empirical data derived from the interviews.  

The content analysis of the interview data resulted in the identification and development 

of two categories: 1. Impacts of process mining, 2. Success factors of process mining. The 

results for groups A (suppliers/ vendors) and group B (users, and potential users) are 

presented for each category.   
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described by A2, “transparency can cause unwanted friction”. The use case of 

organizational mining, with which it is possible to measure employee’s performance, 

causes great concerns about the degree of transparency. To not be perceived as a bad 

transparency tool, A2 said that, “early communication and involvement of employees” is 

important. Referring to the experiences presenting process mining to potential 

customers, A3 often faces the issue that the advantage of transparency is not 

quantifiable and therefore the added value is not always recognized by potential 

customers. 

 

Analytical capabilities 

Regarding the third impactive of analytical capabilities provided by process mining the 

findings of group A revealed a large scope of different use cases. According to A1, A2 

and A3 process mining conformance checking techniques enable performance analysis 

to measure throughput times and further efficiency KPI’s, mostly used for production and 

manufacturing processes. Furthermore, conformance checking techniques are applied 

for compliance, e.g., in quality management and bottleneck analysis in customer ordering 

processes. The use case of business alignment was discussed by A2 who explained, 

“While SAP forces their customers to adapt to the latest ERP-systems, process mining 

is used to simulate the impacts of the new normative references models on current 

processes. Thus, our customers can better prepare for the system change”. Moreover, 

all participants illustrated that process mining enables the application of RPA which is a 

use case of growing applicability. According to A1 “the potential for automation is huge, 

and process mining supports to exploit it”.  

 

The findings revealed that the application of online process mining using real-time mainly 

depends on the type of processes. As A4 explained, “processes with short throughput 

times, e.g. in logistics, can benefit from the online process mining while processes with 

longer throughput times a weekly update of event data is sufficient”.  

 

A use case that was, unlike others, critically discussed is mining the organizational 

perspective. The data scientist A4 mentioned that, "Because you can see the exact 

people behind each step, I think it's a little dangerous." All respondents shared their 

concerns about data privacy and strict legal regulations. Interviewees mentioned that the 

required consent of the work council and data privacy regulations are the biggest 

barriers. Although A2 is not aware of any application, he stated from his experience that 

measuring the performance of employees is more an issue for larger companies than for 
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smaller companies. As a consequence, one process mining vendor has excluded the 

functionality from its application. Overall, interviewees statements were filled with 

negative consequences and did not mentioned examples of positive effects of applying 

organizational mining.  

 

In addition to the relevance and application of process mining use cases, A3 and A4, 

stated that process mining offers business intelligence capabilities to monitor processes. 

Both understand process mining as a BI-Tool. 

 

Achieving strategic objectives 

According to the interviewees of group A, companies face an increased pressure to turn 

data into value. A4 stated, “They are driven by cost pressure and disruptive market 

dynamics”. The findings show that the ability to react quickly to changes, e.g. of customer 

demands becomes crucial – A3: “The focus is on customer processes”. In summary, the 

interviewees told that the key objectives to apply process mining are to increase 

efficiency, reduce risks and drive standardization. In the context of IoT, A4 stated that 

process mining is supporting the digitization of processes in order to optimize them, and 

thus could be regarded as an enabler for digital business transformation. However, A2 

and A3 mentioned that process mining is a tool among other powerful technologies like 

cloud-computing. Overall, the respondents stated that digital transformation is more than 

the optimization of business processes, referring to further factors such as leadership 

and culture. 

 Group B 

Automatic discovery of the as-is process 

Regarding to the first sub-category of automatic discovery of the actual process three 

out of four respondents perceive this as a huge benefit compared to traditional methods.  

According to B3, traditional methods of model discovery using process modeling 

techniques are time-consuming, subjective, of poor quality and led to rejections of 

employees to engage with process improvement initiatives. The interviewees B2, B3 and 

B4 share the opinion that with traditional methods it is not possible to build a process 

model that represents the real as-is process. For instance, B2 stated, “it is like you want 

to compare apples with pears”. Furthermore, the automatic model discovery has, 

according to the experience of B3, a positive impact on the acceptance and support 

among employees of BPM or other process improvement approaches because it 
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requires no manual modeling or documenting. However, it is noteworthy that B1 did not 

mention the benefit of automatic process discovery overall.  

 

Transparency 

Built on the automatic discovery the resulting transparency about the actual process was 

perceived as the most important advantage of process mining. The statements by B1 

and B3 illustrate that. According to B1 “The fundamental benefit of process mining is 

transparency” and B3 “Only when you make processes transparent you can identify 

weaknesses needed to be improved”. The respondents further mentioned that with the 

transparency the actual optimization potential as well as the complexity of business 

processes becomes visible.  

 

Despite the positive impact of transparency, interviewees of group B point out that 

transparency should be viewed from two angles. B1 mentioned, “While the actual 

process becomes visible, one is completely overwhelmed by the complexity of the real 

process”. In addition to the visibility of complexity, the respondents argue that 

transparency is not always wanted, for instance B3 said, “Process mining makes 

processes transparent that should not be transparent”. In relation to this statement, B4 

made the comment that “sometimes you need to deviate from the standard process to 

serve your customers on-demand. While the deviation becomes visible the satisfaction 

of the customer because of faster delivery remains hidden … or not?”. 

 

Analytical capability 

The third major identified impact is the analytical capability provided by process mining 

techniques. Firstly, according to B1 and B3 process mining combines business 

intelligence functionality enabling a great flexibility of monitoring a process. For instance, 

B1 pointed out, “Process mining is not only about transparency it provides a variety of BI 

functions and standards reports”. In regard of the objective to increase customer 

experience, process mining is applied to analyze customer behavior depending on 

certain events happening within the process. For example, B1 stated, “We can measure 

how customers behave depending on the time they receive the first payment reminder”.   

In regard of the conformance checking techniques, B2 and B3 mentioned that 

compliance and the related goal to reduce strategic risk is of great importance. B2 stated 

“Unlike traditional methods, when it was only possible to check samples of a process, 

process mining can determine deviations of a process completely and verifiable”. 
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Furthermore, B2 and B3 acknowledged the relevance of process mining for the use case 

of business alignment, since business processes and the supporting technical processes 

are often not aligned. In regard to the application of RPA, B2 and B3 stated that while 

process mining and automation are not directly related, process mining can identify 

which tasks within a process are already automated or are manually processed. 

 

Compared to other uses cases, the use case of organizational mining stands out 

because it was the only one that was controversially discussed. While all respondents 

said that it has huge potential, three of them mentioned negative considerations 

instantaneously. In relation to the potential, B3 said, “Process optimization in its ultimate 

state means to dismiss people because of poor performance”. Moreover, B2 mentioned 

that people which know they are being recorded perform not as usual. However, all 

participants of group B highlighted that the performance measurement of individuals 

using a software like process mining requires compliance with very strict legal 

frameworks such as data protection and works council approval. For example, B2 stated, 

“Large companies won't dare to take that risk– conflicts with the work council or unions 

can result in great resistance”. For these reasons, companies of B1 and B2 generally 

excluded this use case of process mining. On the other side only B4 saw a positive value 

of mining the organizational perspective, “This information can also be an opportunity to 

understand to what extent employees perform certain roles/cases, e.g., creative problem 

solving. By determining the complexity and making the individual workplace transparent, 

measures like reorganization or employee training can be considered”. However, the 

main attitude towards mining the organizational perspective remains adversely. 

 

However, all participants share the understanding that the uses cases of process mining 

are manifold and not limited to any industry or function. The participants of group B 

understand process mining as a tool to discover the actual “as-is” process, analyze it to 

derive potentials for improvement and monitoring its performance. 

 

As for the current state in practice, B3 mentioned that companies piloting process mining 

are currently occupied with the exploration of the “as-is” process enabled by the 

visualization of process mining tools.  

 

Achieving strategic objectives 

The interviewees of group B share that cost reduction and increased efficiency are key 

objectives to apply process mining. B3 stated, “our goal is to reduce costs, increase sales 
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and customer satisfaction.” In addition, all members of group B said that designing more 

customer-oriented processes becomes crucial to achieve competitive advantage. 

Referring to statement of B1, which company is applying process mining for the last ten 

years, “process mining supports our objectives to make our processes cheaper, more 

efficient and faster”. However, B2 and B4 as potential users, as well as the current user 

B3 stated that process mining is not a “magic bullet”, as B2 summarized, “If necessary, 

you can do process improvement without process mining”. Despite that, the respondents 

shared the opinion that process mining can be an enabler of digital transformation. The 

participants perceive digital transformation as a main trend of digital technology. A 

second driver are the digitalization of society which drives the compelling digitalization 

of companies and their processes. On the other side, the scholar B2 mentioned, “Despite 

digital transformation, the management objectives to reduce costs and increase sales 

remain the same”. 

 Success factors of process mining 

In regards to the derived challenges from the literature review, the analyses of the 

primary data revealed five success factors. The category of success factors consists of 

the sub-categories: data, process improvement, know-how, culture and management 

support. 

 Group A 

The most important success factor and challenge mentioned is concerned about the 

event data as a pre-requisite for process mining. Firstly, the availability and accessibility 

of data can cause difficulties. Process mining vendors as well as their customers face 

the issue, stated by A1 that “Event data is never ready to apply process mining directly”. 

Furthermore, A3 outlines “One of the first problems is to find the data and identifying the 

data owner”. In addition, the interviewees said that some customers don’t know which 

data they actually collect and in which systems it is stored. Another challenge is the 

quality of data, for instance A3 told, “Poor master data quality is a great issue”. A1 stated 

that data quality is not an exclusion criterion for applying process mining. Moreover, 

referring to the data scientist A4, breaks due to analogue activities in digital processes 

don’t represent a barrier towards the application of process mining. In regard to solving 

the issue one vendor organizes data quality workshops using the results from process 

mining to improve the data. A2 and A3 mentioned that this a common use case of 

process mining in practice. Before data is used for process mining purposes data privacy 

and confidentiality need to be discussed with the respective legal department or persons 
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in charge. In addition, A2 and A4 pointed out “Clear authorization concepts are required 

to make transparent who has access to which data”.  

 

A further success factor is concerned with the actual process improvement. According 

to A2 “I am not aware of any company that follows a process to systematically implement 

optimizations. This is missing in practice”. In addition, A4 explained that process mining 

vendors are not consultants but software companies, and that the customer is 

responsible for the stage of process improvement -  “What happens after the analysis is 

a Black Box”. An approach to address this problem was mentioned by A2, “Clear 

responsibilities about who is responsible for the implementation of process improvement 

are needed”. 

 

A third success factor that has been identified is know-how. Referring to statements 

made by vendors, process mining vendors supports customers with the required 

expertise and resources for the initial implementation of process mining covering the 

data extraction and transformation part as well as the initial analysis. Thereby, the 

process mining vendors often work together with consultants or data scientists hired by 

the customer, since they don’t have the necessary data analytics competencies. Thus, 

diverse teams of internal and external people are common in process mining projects.  

 

A2, A3 and A4 outline, a company should endeavor to cover these competences itself in 

the long term to exploit the full potential of process mining tools. A4 understands process 

mining as “a capability that you develop internally of your company”. Vendors have also 

acknowledged that the knowledge is most missing within the data extraction and 

transformation stage. Therefore, one vendor is developing a tool that makes this stage 

understandable and manageable with minimum data analytical skills. In regard to the 

usability, A4 argues that “Using process mining is not rocket science, it is a nice and 

easy way to look at your processes”.  

 

The findings revealed that culture is an important factor when implementing process 

mining. The interviewees are often confronted with a strong “silo-thinking” and a 

corporate culture that is resistant to change their workflows.  

 

Another success factor that the findings showed is the support by management. A4 

stated, “The demanded return of investment (ROI) for data analytics projects is often not 

achieved within short-term time, thus management should have more patience”. Overall, 
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interviewees of process mining vendors shared their experience that management 

commitment towards the application of process mining results in better results and less 

resistance among the involved stakeholders.  

 

 Group B 

The members of group B pointed out that issues related to event data play a dominant 

role when applying process mining. In regard of data availability and extraction B1 and 

B3 stated that this is the most difficult part in a process mining project. According to B1 

“This task requires a lot of work which should be done very diligent and accurate”. 

Furthermore, the respondents expressly mentioned that data security and privacy are 

crucial determinates. B2 and B4 mentioned that the alignment of internal and external 

applicable regulations related to the usage of data is crucial otherwise “companies would 

risk their credibility”. A best practice example was explained by B1, “Every company must 

decide for itself how it handles its data and how important the data is for its business 

model. We have a data strategy that says, data privacy and security are of increasing 

value to our customers, and therefore to the company's customer promise.”  

 

In regard of data privacy, B3 states that it is not only a matter for applying the use case 

of organizational mining it is also a related to question who can access the data. In regard 

of any ethical concerns’ current users of process mining (B1 & B3) said this is currently 

not considered to be an issue. However, B2 and B4 as potential users think that ethics 

in data analytics receives increasing awareness and therefore should be a topic when 

implementing process mining, particularly for the use case of organizational mining. 

 

The next category of process improvement is concerned with the issue that “the analysis 

of processes is only one side of the coin. The second side is the interpretation and 

optimization” (B1).  Similarly, B2, as a scholar in BPM, said that “We have motivated 

companies to optimize their processes for the last 25 years, but we acknowledged during 

our studies that implementation of process improvement is the stage where most 

companies struggling”. The other respondents, B4 and B4 supported the importance of 

process improvement. 

 

In regard of a model for the application of process mining, B2 argued that “existing 

models like the BPM life cycle don’t reflect the current requirements of agility and 

flexibility anymore and that in reality projects are run just somehow”. Instead, B1 and B3 
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mentioned that a clear process of communication and structure of responsibilities is 

necessary. People directly involved in the process have access to process mining tools 

to get empowered. Issues of low priority are solved in coordination by the team leader 

while more important issues are discussed in recurring meetings with participants such 

as the process owner, domain experts and experts for data analytics and or IT. According 

to B1 and B3 those meetings serve also to monitor the success of current process 

improvement measurements. 

 

As B1 stated “The job market for data analytics experts is empty swept”. Thus, according 

to B1, B2 and B3 companies are required to build internal data analytics capabilities, not 

only for process mining, but in general since the increasing importance of extracting 

value from data for the purpose of competitive advantages. In relation to process mining 

B1 and B3 told that “for the initial implementation, particularly for the data extraction and 

transformation, the process mining vendor provides support”. It is common to make use 

of external resources like consultants because, as B1 stated, “You cannot develop the 

knowledge as fast as it is demanded by the technology.” For the purpose of advanced 

analysis, B3 underlined that that certain know-how and process maturity is needed 

upfront. In regard of the usability and understandability of using process mining tools, B1 

experienced that the various functionalities of process mining tools are often 

overwhelming the end-user. In order to lower the risk of resistance towards process 

mining, B4 and B3 pointed out that early engagement with employees as well as training 

resources are required.  

 

The fourth relevant success factor is the culture of the company. According to all 

members of group B existing “functional thinking” and “old behavioral patterns” are 

counterproductive to achieve an end-to-end process understanding, provided by process 

mining. B1 stated that process mining can facilitate the interdisciplinary thinking of 

employees.  

 

In relation to the fourth success factor, respondents told that support by management is 

needed before and throughout the application of process mining, as B2 and B4 stated, 

“Support by top management is key otherwise it (the application of process mining) is 

doomed to fail”. According to B3 the application of process mining is linked to a great 

investment by stating, “The costs have led to an averse attitude since monetary 

advantages are not directly tangible”. Thus, commitment by management is an important 

factor for the implementation of process mining. In the case of B1, the business unit that 
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used process mining was awarded to be one of top three digital best-practice projects 

throughout the company. Referring to B1 statement, “This is not only a sign of 

commitment by our top management, moreover it is also a reflection of our culture”. 
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5 Empirical data analysis and discussion 

 Impacts of process mining 

In the following the sub-categories belonging to category of impacts of process mining 

are analysed and discussed. 

 Automatic discovery 

The impact of the automatic discovery of the as-is process enabled through process 

mining was perceived as an important advantage. Both groups agree that current 

modeling techniques are inappropriate to deal with the complexity of operational 

processes to derive a correct model of the actual process. Thereby they confirmed the 

propositions and findings of current process mining theory regarding the limitations of 

traditional modeling techniques (Van der Aalst et al., 2011; Van der Aalst, 2011b; 

Rebuge & Ferreira, 2012; Lederer et al., 2017; Van der Aalst, 2016; Thiede et al., 2018). 

However, there are differences between the suppliers of process mining and current and 

existing end-users about the perceived relevance of the automatic discovery of the as-is 

model. From a user perspective, traditional process modeling was experienced as 

effortful, time-consuming and subjective with the consequence that people are likely to 

reject engagement in process improvement activities. It is noteworthy, that only Van der 

Aalst (2016) has acknowledged the likelihood of resistance of end-users because of the 

implementation of idealistic models. 

 

In contrast to other users, the user B1 did not mentioned the impact of process modeling 

at all. One reason therefore could be the experience in applying process mining for the 

last ten years where, therefore the disadvantages of process modeling are no longer 

present, and the perceived advantages shifted to other impacts of process mining. The 

analysis of the process mining literature about the impacts of process mining (chapter 

2.7) showed that the focus is shifting towards the diagnosis and monitoring stages of the 

BPM life-cycle, while the redesign or remodeling stage becomes less relevant (Van der 

Aalst, et al, 2011, Burratin 2015, Van der Aalst, 2016). From a vendor perspective, the 

general advantage of objectivity of the automatic discovery of the as-is model was 

This chapter analysis the empirical results of both groups and discuss these with the 

underlying relevant findings from the literature review. 
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mentioned, but without mentioning the model as the result or important element, 

confirming the observation for the case of B1. 

 Transparency 

In regard of the second observed impact of transparency, which requires the automatic 

discovery of the as-is process model, participants of both groups agree that transparency 

is the most important advantage of process mining. According to the empirical findings, 

transparency about the complete end-to-end process, enhanced by visualization of 

process mining tools enables to identify optimization potential/ weaknesses which is not 

possible with current methods.  

 

In contrast to the positive impact of transparency, the empirical data revealed that 

transparency can also cause negative impacts. Firstly, participants of both groups 

mentioned that complete transparency about a process’s performance is not always 

wanted by managers or employees causing unwanted frictions or blockade mentality. In 

addition, according to B1 as an experienced end-user, the visibility of the actual 

complexity of a process can lead to an information overload for users of process mining 

tools. This impact was not mentioned by the group of process mining vendors. However, 

they acknowledged the issue that transparency per se is not quantifiable, consequently 

potential customers do not always see the value of it. A third negative perceived impact 

of transparency is related to the opportunity to make the behavior of employee’s visible 

when applying organizational mining. Both, vendors and end-users expressed their 

concerns about measuring the performance of employees using process mining. The 

related issues are stated in the following chapter of success factors. It is a lack of current 

literature, that the benefit of transparency provided by the derived as-is model is 

mentioned (Van der Aalst et al., 2011; Jans, van der Werf, Lybaert, & Vanhoof, 2011; 

Van der Aalst, 2016), but the identified issues are not further discussed. One reason for 

the general lack of acknowledging the impact of transparency by current theory could be 

the mentioned issue that it is not quantifiable and therefore difficult to prove and 

demonstrate in written text.  

 Analytical capability 

The empirical results from both groups revealed that the analytical capability is a third 

most importantly perceived impact of process mining. The empirical results show that 

the process mining techniques can be applied to a large variety of use cases, 

independently from any function or industry. The conformance checking techniques 
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enables performance analyses to measure throughput times in manufacturing processes 

or customer behaviour in customer related processes. In regard of reducing risks, 

compliance analyses are applied for internal auditing analysis and quality management, 

thereby process mining can overcome the limitations of current methods. Furthermore, 

process mining capabilities can support the relevant use case of business alignment. In 

practice, the alignment between the requirements of business process design and the 

required technical support by information systems represents a stress field for the 

involved stakeholders. A new and emergent use case of process mining is known as 

robotic process automation (RPA). According to Geyer-Klingeberg et al. (2018) and the 

feedback of participants from process mining vendors process mining serves as an 

enabler of RPA. Both, vendors and users stated the importance of automation to achieve 

process efficiency gains. 

 

The use cases mentioned above where presented by both groups as common use cases 

for process mining. Referring to current theory, the empirical data has not revealed any 

new insights, except the fact that all identified use cases are applied by companies.  

 

However, this was different for the use case of organizational mining which is a very rare 

and very controversially discussed use case. Both, vendors and users see huge potential 

of the use case but the risks and consequences of legal conflicts, for example with work 

councils and data privacy laws provide a serious barrier to apply the use case. This 

finding contradicts with the mentioned and available literature in process mining. In case 

studies by Rebuge & Ferreira (2012), Rojas et al. (2016) and Pourmasoumi & Bagheri 

(2017) the use case was applied without mentioning the related consequences. Only 

publications by Wil van der Aalst (2011b, 2016) have addressed the related risks and 

ethical responsibility. Thus, current process mining theory has a critical gap to address 

the challenges regarding this use case. However, it is noticeable that except from all 

other participants, there was only B4 as a potential end-user that saw a positive value 

and opportunities of the use case. All others mentioned negative concerns that the 

possibility of measuring performance of employees disrupts the trust and behaviour of 

employees. 

 

In addition, to the use cases for process analysis, B1 and A3 mentioned that process 

mining tools provide flexible BI functionalities to monitor the performance of processes 

as well as standardized and customizable reporting functionalities. According to the 

assessment of the recent process mining user B3 and the feedback from process mining 
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vendors, many companies are currently piloting the application of process mining and 

are, according to B3, occupied with the exploration of the as-is process.  

 Achieving strategic objectives 

Theory has acknowledged that increased efficiency, reduced costs, increased customer 

experience, improved quality and compliance are objectives of process mining (Van der 

Aalst et al., 2011; Rebuge & Ferreira, 2012; Burratin, 2015; Van der Aalst, 2016; 

Pourmasoumi & Bagheri, 2017; Geyer-Klingeberg et al., 2018). By analyzing the 

empirical results, process mining vendors as well as users state that increased efficiency 

and reduced costs are the most important objectives and motivation to apply process 

mining. The further objectives, for example improved quality or customer experience 

were also mentioned as important advantages of process mining use cases. Overall, the 

current market dynamic as well as the need to exploit data analytics capability seem to 

be underlying drivers for the interest in process mining. There were no contradictions 

among the respondents that process mining could not achieve these goals. From a real-

life case, B1 has experienced that process mining enables to achieve the strategic 

objective of increased efficiency and reduced costs for his company.  

 

The term of digital transformation, as identified in the literature review, is also perceived 

differently by the research participants. While some interpret digital transformation as a 

societal phenomenon that impacts how business operate, some understand it as the 

exploitation of digital technology for the purpose of achieving corporate strategic 

objectives. However, all agree that digital technologies play a fundamental role. In regard 

what role process mining can play for the challenge of digital transformation, research 

participants stated that process mining should be understand as an enabling tool of 

digital transformation. But users and vendors agree that process mining should not be 

understood as a “magic bullet”. 

 Success factors of process mining 

In the following the success factors are presented in the sequence of their importance 

based on the statements of the research participants respectively of the underlying 

empirical data.  

 Data issues 

The most discussed success factor and challenge were issues related to event data. The 

existence of event data is the pre-requisite for the application of process mining (Van der 
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Aalst et al., 2011). Users perceive the process for data extraction and transformation as 

the most difficult stage of a process mining project. Similarly, process mining relevant 

literature has recognized the importance of event data (Van der Aalst et al., 2011; Rojas 

et al., 2016; Van der Aalst, 2016; Thiede et al., 2018). The statements by process mining 

vendors confirm the related challenges from their participation in process mining 

projects, mentioning: 

• Data availability - What data and recorded by which systems? 

o Issue (1): Companies don’t know what data is being recorded 

o Issue (2): Data is scattered among different systems 

o Issue (3): Analogue breaks in digitized processes 

• Data ownership - Who is responsible for the data (Data Owner)? 

o Issue (4): Identification of the data owner 

• Data quality – Quality of master data. 

o Issue (5): Event data always needs to be pre-processed 

o Issue (6): Poor quality of master data 

• Data privacy, confidentiality and ethics 

The listed issues are summarized from the empirical results from the interview data of 

group A – process mining vendors. According to their statements these issues, for 

example, for poor data quality, do not hinder to implement process mining. A shared best 

practice example are data quality workshops to solve data quality issues with the 

participation of the process mining vendor and customer stakeholders at an early in the 

implementation of process mining.  

 

A second issue related to event log data mentioned by the interviewees of both groups 

are data privacy and confidentiality. Overall, users of process mining perceive this issue 

more serious than the process mining vendors. From their perspective the alignment with 

data privacy laws as well as the confidentiality of sensitive data, such as customer data 

(Van der Aalst, 2016), is of strategic value. For example, the company of user B2 has 

defined a data strategy making data privacy and data confidential a customer promise. 

Related to the issues, both, vendors and suppliers state that an authorization concept is 

necessary that regulates the who has access to what kind of data. Referring to the 

underlying literature, these issues are poorly addressed, for example in Van der Aalst 

(2011b) or Van der Aalst (2016).  
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Closely linked to data privacy and confidentiality is the matter of ethics. Van der Aalst 

(2016) argued that people involved in process mining should be aware of their ethical 

responsibility. According to the empirical findings of both groups, ethics is not a current 

issue in process mining practice nor perceived as a relevant topic by most interviewees. 

For example, in process mining healthcare case studies (Rebuge & Ferreira, 2012) 

ethical behavior nor data confidentiality are discussed. Only the potential end-users 

stated that ethical behavior should be on the process mining agenda. On the other side, 

all interviewees were concerned that one could misuse the capability of process mining 

to measure the individual performance of employees with the ultimate consequence to 

dismiss employees. Therefore, and because of the strict legal regulation, one vendor 

and the companies of two users have excluded the use case from application. In regard 

of the huge potential associated with the use case stated by vendors and users, the 

ethical concerns outlined by Van der Aalst (2016) are justified. However, according to 

one vendor the use case can be applied when data anonymization and 

pseudonymization are used and the agreement of involved employees and legal 

compliance are ensured. 

 Process improvement 

Burratin (2015) has identified that clear procedures for the implementation of process 

improvements are required, however current theory does not explain those. The 

empirical data demonstrate that current users and B2 as a researcher in BPM see this 

stage as the most critical stage of a process improvement initiative, for example using 

process mining. In addition to the relevance, three process mining vendors stated from 

their experience that most companies don’t follow a systematic approach for process 

improvement. It is also questionable whether current approaches like the BPM life-cycle 

are outdated.  

 

On the other side, the interviews with process mining vendors revealed that process 

mining vendors are not involved in the actual process improvement taken by the 

customers. In contrast to the statements of the vendors, current users shared their best 

practices:  

“First, a clear process of communication and structure of responsibilities is necessary. 

People directly involved in the process have access to process mining tools to feel 

engaged. Issues of low priority are solved in coordination by the team leader while more 

important issues are discussed in recurring meetings with participants such as the 

process owner, domain experts and experts for data analytics and or IT. According to B1 
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and B3 those meetings serve also the need to monitor the success of current process 

improvement measurements”. 

 

For the following success factors the underlying theory did not contribute any evidence. 

 Know-how 

Analyzing the empirical data has resulted in identifying know-how as a third relevant 

success factor in process mining. There, three trends could be observed. Firstly, most 

companies don’t have the necessary data analytical capabilities to implement process 

mining, therefore, they are dependent on resources by the process mining vendor or 

consultants. Related to the first issue, both vendors and users, stated that a company 

should develop their own capabilities, for example, to extract and transform event log 

data on their own. The drivers for the first two trends are the scarcity of skilled employees 

and the fact that internal knowledge cannot be developed in short-term. A result of both 

trends is that process mining projects like other IT projects are implemented by 

multidisciplinary teams.   

 

The third trend is related to the usability and understandability of process mining tools. 

One vendor and one user stated that process mining tools are easy to use compared 

with previous tools. Interviewees stated that training of users is necessarily likely to have 

positive effects towards the engagement in process mining as well as to protect them, 

for instance, against the mentioned risk of being overwhelmed by the functionalities 

process mining tools offer. In addition, innovations are characteristic for an emergent 

technology that targets to ease their application. One example, therefore, is an added 

function that enables the data extraction and transformation with only basic levels of 

technical expertise.  

 Management support 

The fourth identified most important success factor is the support of management. Both 

vendors and users share the experiences that management support before and 

throughout the implementation and application of process mining has positive effects. 

The mentioned effects such as lower resistance of involved stakeholder or the required 

financial commitment could not be validated by further statements. It’s a limitation of 

empirical data that no negative examples were mentioned. However, management tasks 

such as communication and early engagement of employees were mentioned by both 

groups having a positive effect. 
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 Culture 

The fifth and last success factor is the prevailing organizational culture. Both, process 

mining vendors as well as users acknowledge face strong functional thinking or “silo-

thinking” during project implementation and process mining application. In addition, 

process mining implies to change processes and here vendors and end-users perceive 

“resistance to change” as a further barrier. In regard to the relevant literature, only Dumas 

et al, 2013) acknowledged the risk of the latter issue. 
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6 Illustrative case  

 Case company 

After applying the criteria mentioned in 3.3.1 Case Selection, I have selected the case 

study from the process mining provider Celonis about the Regensburger Energie- und 

Wasserversorgung AG & Co KG or REWAG (Celonis, 2019a). The REWAG is a medium-

sized energy provider and supplier located in the southern state of Bavaria in Germany 

(REWAG, 2019a). The REWAG has the legal form of a public limited company (AG) and 

the partnership limited by shares (KG). The city of Regensburg holds 65 % of the shares 

(REWAG, 2019a). The other 35% are hold by Bayernwerk AG a subsidiary of the 

German multinational energy company E.ON SE (REWAG, 2019a). The legal form of 

the company requires to publish annual reports. Therefore, suitable information in form 

of the annual report from 2017 and the company’s website has been obtained for the 

purpose of my research project. The REWAG is a provider of electricity, natural gas, heat 

and drinking water for 200,000 customers and has generated an annual revenue of 361 

million € with 400 employees in 2017 (REWAG, 2019b). With about 138,000 customers, 

electricity is the most important business segment (REWAG, 2019b). In addition, to 

electricity supply, REWAG generates electricity from Wind turbines, combined heat and 

power units and photovoltaic systems (REWAG, 2019c). However, measured in million 

kilowatt hours, the own electricity generation only accounts for one twelfth of total 

electricity sales (REWAG, 2019c).  

 

According to the choice of industry, the German electricity industry is a very dynamic and 

competitive industry which representative for the situation of other industries, e.g. the 

automotive industry. The electricity industry is explained in 6.2 Context of phenomena 

under investigation.  

 

Referring to the third criterion, the applied process of the REWAG process mining case 

study was a so-called purchase-to-pay (P2P) process. Processes in this functional area 

The sixth chapter begins with the presentation of the case company and the related 

context of phenomena under investigation. The following application of process mining 

to the case company serves to illustrate the functionalities and impacts of process 

mining as well as the typical steps of a process mining project. At the end a reflection is 

made to relate the illustrative case to the empirical findings of the research. 



 

66 

 

are typically structured processes which enable to apply most process mining techniques 

without extensive “technical pre-processing” (Van der Aalst, 2012; Van der Aalst, 2016). 

 Context of the phenomena under investigation  

To provide the necessary context of the case company I used the extended PESTEL 

framework (Worthington & Britton, 2006) which is based on the original PEST framework 

developed by Fahey and Narayanan (1986). The PESTEL framework by Worthington 

and Britton (2006) use the dimensions of the political, economic, social, technological, 

ecological and legal environment to describe conditions of an industry. Due to the 

complexity and vast scope of the electricity industry the research audience is given a 

brief understanding about the most relevant industry aspects and topical issues.  

 

Political and legal factors 

Hence the political and legal factors are closely related they are presented together. The 

German electricity market was decisively shaped by the liberalization in 1998 (Doleski, 

2016, EnBW, 2019a). The German government enforced European directives to 

liberalize the previous monopoly for the transportation and distribution of electricity 

(Doleski, 2016; EnBW, 2019b). As a result, today’s German electricity market 

distinguishes four groups of market actors. Firstly, power producer like the big four 

companies of RWE, E-ON, Vattenfall and EnBW are dominating the market. In addition, 

many medium-sized producers (e.g. the case company REWAG) and an increasing 

number of small producers (e.g. owners of solar panels or biogas plants) (EHA, 2019). 

The third group of markets players are the network operators. The four grid operators of 

amprion, 50Hertz, Tennet and Transnet BW (PR Magazin, 2019) are responsible for the 

infrastructure and transportation of electricity in defined geographical areas (EHA, 2018). 

All operators share that they are previous subsidiaries of the mentioned big four energy 

enterprises (PR Magazin, 2019). According to EHA (2018) and EnBW (2019c) this 

market is a natural monopoly and therefore the German state regulates the market by 

levying certain levies. 

 

The third group are electricity suppliers. Electricity suppliers supply power to private 

households and companies and act as an intermediary between customer, the electricity 

producer and the third segment of market players the electricity grid operators (EHA, 

2018). With the liberalization, it became possible that electricity suppliers must not be 

electricity producers and owners of the grid all at the same time. Instead, todays 

suppliers can buy their power from electricity producers, “organized trading centers such 
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as the Leipzig electricity exchange or through direct trading transactions between 

business partners” (EHA, 2018, para. 4). Consequently, the number of energy suppliers 

increased strongly which have led to a strong competition that drives the continuous 

optimization of costs and resources (EnBW, 2019b).  

 

The German state is the fourth market player hence it intervenes in the market with 

further levies and regulation (EHA, 2018). Regulations and decisions by the German 

government, for example, the unpredictable nuclear phase-out after the accident in 

Japanese town of Fukushima in 2011 (Weber, 2019). Utility companies in general, need 

to comply with a variety of legal and regulatory requirements (Doleski, 2016). 

 

The regulations of the German state have direct impact on the electricity prices. Today, 

three quarter of the price are state levies (EHA, 2018). According to Vattenfall (2019), 25 

% are state regulated network charges and 54 % are state taxes and levies like 

Renewable Energy Sources Act (EEG) levy. The remaining share of 21% is the margin 

for the energy supplier from which he must cover the costs for the purchase of electricity, 

administration, sales and customer service. Thus, electricity suppliers have a great 

interest to run their operations more efficient and at lower costs than its peers to increase 

profits and to offer attractive pricing offers in order to bind current customers and attract 

new ones (EnBW, 2019c).  

 

Economic factors 

The electricity market is also influenced by economic factors. The liberalization has 

enhanced industry competition (Doleski, 2016) and it is further driven by mergers and 

acquisitions, as well as split-ups mainly by the four large players of RWE, E-ON, 

Vattenfall and EnBW (Flauger, 2019).  In addition, new market players have entered the 

market which benefit from a lower cost structure than the traditional big four (Doleski, 

2016). Energy consumption is also depending on the macroeconomic situation, hence 

nearly half of the electricity is consumed by the industrial sector (bdew, 2019). The 

German economy measured by the gross domestic product has grown by 1,5% in 2018 

with attraction of domestic demand and a robust labor market performance (Statistisches 

Bundesamt, 2019). On a ten-year comparison electricity consumption has decreased 

slightly by -2% from 536 to 527 terawatt hours (BDEW, 2019). According to Doleski 

(2016) the decreases because of improved energy efficiency and the relocation of energy 

intensive sectors will not be caught up by the increasing demand for electric mobility and 

thus energy consumption will decline in the medium-term. The author state that small 
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and medium suppliers are particularly affected (Doleski, 2016). However, the electricity 

market is also an important economic factor with 129,000 employees and billion dollar 

investments. (BDEW, 2018). 

 

Socio-cultural factors 

The market is further shaped by changing opinion and values of society. For example, 

the Fukushima accident has changed public opinion supporting the government to exit 

nuclear energy production (Statistisches Bundesamt, 2019).  

Due to the liberalization it became possible for customers to choose the electricity 

supplier with the best price and services (EHA, 2018, Doleski, 2016; EnBW, 2019a). As 

a result, customers behavior changed towards reduced supplier loyalty and increased 

willingness to change supplier (Doleski, 2016). According to the Federal association of 

the energy and water economy registered association “BDEW e.V” forty per cent of 

customers have changed their supplier since the liberalization (EnBW, 2019a). A further 

driver of the changing customer behavior are online comparison portals which take care 

over the entire process of the change of a supplier and leaving out the electricity supplier 

of the customer communication. Thus, customer retention and acquisition are very 

important for today’s electricity suppliers (EHA, 2018). 

 

Ecological and technological factors 

The utility sector plays a crucial role to achieve the climate goals of the Paris agreement 

(UNFCCC, 2018) and the German government (BMWI, 2019). One important part is the 

regulated and subsidized expansion of renewable energy sources, e.g. offshore wind 

parks (Doleski, 2016; Graupner, 2019). Another more recent and popular trend that 

affects the industry is the growing importance of e-mobility. Currently, Germany faces 

European court action for violating the air-quality directive and the German automotive 

industry is experiencing a variety of emissions scandals (Neslen, 2019). To improve the 

air quality the German government set out the goal to have one million registered electric 

vehicles in Germany by 2020 (EnBW, 2019d). Therefore, an adequate infrastructure of 

charging stations is required. While electricity providers need to make additional 

investments in such infrastructure a new business segment opens up in parallel.  

 

Digital transformation 

Furthermore, the industry is also affected by the opportunities and the associated 

challenges of digitalization. According to Doleski (2016) the transformation of the utility 
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industry like other industries is shaped by disruptive digital technology like IoT, 

connectivity, Big Data and Cloud-Computing. Doleski (2016) state that today energy 

suppliers need to become digital energy service companies reaching a stage of Utility 

4.0.  Utility 4.0 companies will develop new flexible and individual products and services 

based on data-driven and connected technologies. An example are digital electricity 

meters that are connected with the Internet providing the utility provider detailed 

information about consumption and therefore customer behavior (EnBW, 2017). In 

addition, those devices complementing the smart home application platform further. Here 

electricity providers encounter leading digital companies and new competitors like 

Amazon or Google. Companies like EnBW invest in virtual platforms for electricity trading 

and open their organization for collaboration with Start-ups (EnBW, 2017). Furthermore, 

customer processes are continuously optimized (EnBW, 2017). According to Deliski 

(2016) energy companies have among other the following goals to succeed in digital 

transformation: 

• Strengthening existing customer relationships and building new ones 

• Improved structures and efficient processes through optimized IT deployment 

• Optimized performance transparency and manageability for management 

• Compliance with legal and regulatory requirements 

• Reduce costs and increase margins 

• Existence in the digital world of tomorrow (Deliski, 2016, pp. 17-18). 

 

Conclusion 

The electricity industry and the utility industry in general face the energy transformation, 

increasing competition and declining earnings in the electricity market. A further 

accompanying challenge that drives the need for change is the digital transformation. 

 Process mining in action 

At this stage of the analysis section, process mining is applied to the process 

improvement case of REWAG in order to proof the real-life applicability and positive 

impacts of process mining on business process improvement. 

 Introduction of the case 

The case company REWAG has acknowledged the value of data stored within their 

different information systems. The company faces the issue that it currently has no tool 

to extract and process the data stored in their SAP ERP system. The tools currently 
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being used for data analysis of the SAP such as standard reporting and Microsoft Excel 

were inadequately and inflexible (Celonis, 2019e). Current reporting is time-consuming 

and not appropriate to identify any deviations nor explain existing conspicuities (Celonis, 

2019e). As a result, the purchasing manager stated that an appropriate tool that enables 

more scalability and dynamism is need. In addition, the P2P process should be easy to 

analyze and optimize (Celonis, 2019e). Therefore, the company evaluated the products 

of different process mining vendors. The market guide for process mining by Gartner 

(Kerremans, 2018) and the process mining book from van der Aalst (2016) provide an 

overview and assessment of currently available process mining solutions. For the case 

of REWAG the company decided to use Celonis process mining. 

 Define stage 

The overall objective of implementing process mining was the digitalization and 

optimization of the purchasing “P2P” process (Celonis, 2019e). The purchasing 

managers assumed that the process runs as defined in the “to-be” normative model 

without any divergences and within the known variants (Celonis, 2019e). Figures 10 and 

11 illustrate the to-be P2P-process for REWAG. 

 

 

Figure 6 Example for BPMN modeled “to-be P2P process” (Celonis, 2019c) 

According to Dumas et al. (2013) the procedure of a P2P is the following: The process 

starts when an employee determines the need to buy a given product or services. As a 

result, a purchase requisition item which is sent to the purchasing department is created. 

The purchases requisition is then checked in respect of the specific item, the quantity 

and time further information. After the approval, a purchase order item is created. Thirdly, 

the purchase order is printed and sent to the supplier. The next event is the reception of 

goods. Thereafter the invoice is being digitized by scanning. The final step is the booking 

of the invoice. 

 Data extraction and preparation 

According to the purchasing manager, data integration was a simple effort (Celonis, 

2019d). However, he mentioned that the pre-requisite is digitized processes (Celonis, 
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2019e). In the present case, it is assumed that the currently used information systems of 

REWAG record event data which meets the requirements for the application of Celonis 

process mining.  

Practical relevant information for this stage can be found in Burratin (2015) and Van der 

Aalst (2016). Both present detailed and practical guidelines for the event data logging 

process. In addition, the process mining manifesto (Van der Aalst et al., 2011) provides 

a template to assess the maturity of event log data (see Appendix 7). 

 Process discovery 

Applying process mining discovery techniques results in the identification of the most 

frequent “as-is” process, also called the “Happy Path”, as illustrated in figure 7.  

 

 

Figure 7 “Happy Path” of the P2P-process of REWAG (Celonis, 2019c) 

Usually the happy path represents the “to-be” process. However, the process mining 

discovery of Celonis reveals that the actual “as-is” process does by far not correspond 

to the assumed ideal and defined the “to-be” process. Although a P2P process is typically 

a structured process, figure 8 illustrates that it looks very unstructured. For a better 

understanding, the process’s start and end are marked with a red frame.  

 

In the case of REWAG, the happy path has 527 variants and covers only 39 percent of 

all cases. In dependence from the number of order items and the related total net order 

value, 60 percent of REWAG’s annual procurement budget is spent without following the 

assumed-to-be process. In addition, process mining provides REWAG with the 

opportunity to get an objective and dynamic view on the process’s reality. 
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Figure 8 "As-is" P2P-process (Celonis, 2019c) 

In regard to the skills and roles required for the data analysis, the company reported that 

it is easy to use without requiring special IT competences (Celonis, 2019e).  

 Process analysis 

After the process discovery, the root causes of 

the deviations are analyzed. Therefore, the 

analysis function of process mining is applied 

to identify the most relevant and frequent 

deviations. While it would inefficient and 

confusing to start the analysis by focusing on 

all deviation at the time, I applied the filtering 

function of the variant explorer (see figure 9) 

to the second and third most variants.  

The two variants cover 27% of all cases and 

thus have great optimization potential. The 

first issue relates to the start of the process. In 

21% of all cases, the purchase order times are 

created without creating the prescribed 

purchase requisition item first. The second 

issue relates to price changes which occur in 

20% of the cases. They can have various 

reasons. For example, the supplier has 

updated its price lists and the company has 

Start 

1 

2 

Figure 9 Variant Explorer (Celonis, 

2019c) 

End 
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not adopted the prices in their systems causing manual price adjustments and 

workarounds. Celonis process mining enables to discover the root causes by drilling into 

the specific instances, adopt multiple perspectives.  

This second issue is taken for further analysis. Hence, REWAG wants to optimize the 

process throughput time we add the time perspective (see figure 10). While the average 

time from printing and sending a purchase order to goods reception is usually eight days, 

the issue of price changes causes a delay of nine extra days.  

 

Figure 10 Adding time perspective (Celonis, 2019c) 

The enhancement with additional data like information about the supplier reveals that 

orders from the supplier Piccolo GmbH cause 38% of all price changes (Figure. 11). 

 

Figure 11 Identify supplier that causes most price changes (Celonis, 2019c) 

Furthermore, one could analyze which materials are causing the most changes. The 

table shows that the material R100012 – Skateboard ‘Hells’ from the supplier Piccolo 

GmbH is responsible for the most price changes issues. Another advantage of process 

mining is to evaluate the current state of master data. There is an article with no number 

with the highest number of purchase order items and net value causing most price 

changes. In addition, the dashboard (see Appendix 8) provides a comprehensive 

overview by adjustable KPI’s and the option to export reports.  
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Figure 12 Purchase order items by material (Celonis, 2019c) 

The purchasing manager (Celonis, 2019e) from REWAG uses process mining for the 

analysis and monitoring of various purchasing KPI’s such as procurement volume, order 

requirements, number of vendors or number of purchase orders. Process mining by 

Celonis provides dashboards with standard and customizable KPI’s like throughput 

times, events and cases per day. In addition, the tool also enables benchmarking of 

those KPI’s against other industry related and unrelated companies or benchmarks from 

consultancy. This is a common method used by the purchasing manager of REWAG. 

 Process automation 

The information obtained during the analysis can be used to 

contact the responsible supplier and discuss possible actions for 

improvement.  Besides the interest to reduce the throughput 

times REWAG wants to increase the efficiency through 

automation. The manager hopes to relieve the employees of 

simple process steps. 

 

Process mining by Celonis provides the assessment of the 

automation potential of each process activity (see figure 13). 

However, automation requires that the process variants are 

reduced and the “as-is” process is conforming with the “to-be 

process”. In the case of the present P2P process, REWAG can 

automatize 50% of all activities which would provide a huge 

efficiency gain and cost reduction.  

 Interpretation of results 

Process mining enables to identifies current and future 

optimization potential (Celonis, 2019). For the P2P process, 

Figure 13 Automation 

Analysis (Celonis, 

2019c) 
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REWAG benefited from great time savings. In addition, the company benefited from 

considerable cost savings due to complete knowledge about the supplier’s performance 

(e.g. delivery time) and conditions (e.g. price changes) which resulted in a strengthened 

beneficial negotiating position. The general feedback of the application of process mining 

is summarized by the statement of the purchasing manager of REWAG: „In the past, 

people worked more according to gut feeling and discussed the numbers a lot. „Today 

they're discussing solutions right now." (Celonis, 2019, p.1). 

 Reflection of identified impacts of process mining 

This chapter aims to establish a connection between the case on one side and the 

findings of the literature and collected empirical data on the other side.  

 

REWAG, as an electricity supplier faces the challenges of the electricity industry of 

uncertain legal environment, fierce competition and changing customer behavior driven 

by price transparency due to online comparison portals. As a consequence, driven by 

the needs of customers, and the challenges of Utility 4.0 stated by Doleski (2016), 

REWAG has started to improve the efficiency of their processes with the objective to 

reduce costs.  

 

The challenges related to the environmental factors and the objectives of REWAG 

reflect, according to the empirical results, the current state for most companies within 

and across other industries. Therefore, REWAG wanted to optimize its P2P process. The 

applied P2P process can be found in every company (Dumas et al., 2013, Van der Aalst, 

2016). In reflection of the empirical results and literature, traditional methods are time-

consuming and represent only an idealistic state of reality. In addition, as identified by 

theory (2.4 Traditional BPM life-cycle, 2.5 Critical factor: business process modeling) 

most methods for analyzing the performance of a process are not based on the actual 

process and the underlying data. This was also the fact for the methods such as Excel 

tables used by REWAG. In regard to the stage of process mining application the 

mentioned pre-requisite by the manager of REWAG that complete digitized processes 

are required could be relativized by the empirical findings. 

 

Moreover, the illustrations show the opportunity for dynamic and flexible analysis which 

could not be presented within the literature and interview data. The illustration of the 

actual as-is process (Figure 8) is a good example, therefore. However, the discovered 

as-is model (Figure 8) illustrates the finding derived from the empirical data that the 
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transparency of process complexity can be overwhelming to inexperienced users. On 

the other side, the actual model (Figure 8) demonstrates that in reality processes don’t 

run as they were planned or perceived by the involved stakeholders, confirming the 

findings of theory and empirical data. Furthermore, the graphic (Figure 8) shows the 

positive effect of transparency via the visualization of end-to-end processes to identify 

optimization potential found in the empirical data. The statement by the manager that no 

special IT know-how is needed to use process mining tools was also identified in the 

analysis of the empirical results.   

 

For the stage of process analysis, the illustrated analytical capabilities of process mining 

tools to identify the root cause of process performance issues (Figures 9, 10, 11) were 

found by the analysis of empirical data as being an important impact of process mining 

 

The application of process mining for the purpose of process automation using RPA is 

shown in the illustrative case. Thereby it confirms the findings from theory and empirical 

data analysis that process mining is enabling the use cases. 

 

For the last stage, the applied case study had positive effects of the processes 

performances and resulted in overall strategic objective of a stronger negation power 

against the supplier.  

 

Furthermore, the statement by the manager that they are discussing solution right now 

would imply a process improvement close to the business as it was shared as best-

practices within the empirical findings for the success factor of process improvement. 

 

The following chapter will summarize the empirical findings and the insights derived from 

the application of process mining to the illustrative case. 
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7 Conclusion 

 Findings 

RQ 1: What are the impacts of process mining on business process improvement? 

(1) Automatic process model discovery 

(2) Transparency 

(3) Analytical capability 

(4) Achieving strategic objectives 

(1) Automatic process model discovery 

Referring to the first impact of automatic process model discovery, process mining can 

overcome the limitations of traditional process modeling and delivers data-based models 

of the as-is process, crucial for every business process improvement initiative. Due to 

this impact, the relevance of process models is becoming less relevant and the focus 

shifts towards the analysis and monitoring of the process.  

(2) Transparency 

The second most important impact, and most perceived advantage is transparency. 

Process mining makes end-to-end processes transparent enabling the exploitation of 

optimization potential. The key enabler is the visualization provided by process mining 

tools. However, transparency can also have negative effects. The visibility of the actual 

complexity of a process can be perceived as a challenge. In addition, full transparency 

is not always wanted by management and employees as potential end-users. The 

identification of negative effects resulting from transparency is an important contribution 

to the emergent process mining research. 

(3) Analytical capability 

Process mining analysis techniques offer a variety of uses cases that are established in 

theory and proven of being of practical relevance and applicability. However, this is not 

the case for the application of organizational mining. Here, the novelty of process mining 

The last chapter will first state the findings to answer the research questions. 

Thereafter a brief discussion about the interpretation and relevance of the 

findings is made. Based on the analysis important implications for management 

are presented.   
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theory did not cover the legal and ethical issues in a satisfying manner. Those issues are 

the reason why this promising use case is mostly banned from application. 

 

Furthermore, process mining can be an enabler for new use cases such as robotic 

process automation (RPA). In addition, the integrated BI functionalities for process 

monitoring and reporting purposes are of great value for practitioners.  

(4) Achieving strategic objectives 

Process mining is applied to achieve strategic objectives. The findings of empirical data 

supported by theory and the illustrative case show that process mining can increase the 

efficiency and reduce costs, as the most important objectives. Furthermore, process 

mining is understood as one enabling tool for digital transformation.  

 

RQ 2: What are the success factors of process mining? 

(1) Data issues 

(2) Process improvement 

(3) Know-how 

(4) Management support 

(5) Culture 

Overall, five success factors have been identified to be most relevant for the successful 

implementation and application of process mining to support the digital transformation of 

a company. The first two success factors of “data issues” and “process improvement” 

were initially identified in the literature review and later confirmed to be most important. 

The other three success factors were derived through the analysis of the empirical 

results. All success factors are outlined in detail in 5.2 Success factors of process mining. 

 Discussion 

Process mining is a young and emerging research discipline. The relationship to other 

established disciplines such as data mining and business process management has 

influenced the development of process mining theory. Due to the increasing and 

successful applicability of process mining in practice, the discipline now gets the attention 

it needs to address gaps like the ones identified. In some areas, the relevant theory is 

ahead of practice, while in other areas it does not cover the needs of practitioners. It is 

characteristic for a research discipline such as process mining that new knowledge is 
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exponentially growing from contributions from research as well as from technological 

innovations. Therefore, while covering a broad research scope and considering up-to-

date literature the findings present a current snapshot of process mining theory. 

 Managerial implications 

In regard to the overall vision of the thesis to derive a strategic playbook for the 

application of process mining I believe that the stakeholders involved in typical process 

mining projects can benefit from my findings. At this stage, three relevant implications 

are presented. Further ones are stated within the analysis of the empirical findings. 

• To overcome the negative effects associated with transparency, a clear agenda 

for the purpose of process mining application should be discussed with the 

involved employees and further important stakeholders such as the work council, 

data privacy and data security officer. Management should be aware that the 

success of process mining depends predominantly on the engagement of the 

end-users. In addition, measurements to protect data privacy should actively be 

applied. 

• The success factor know-how was derived since process mining requires certain 

data-scientific knowledge for its implementation and advanced application. 

However, the respondents argued, that process mining is a great opportunity to 

start building own data analytic capability. Therefore, management should have 

the necessary patience that investments in developing such know-how don’t pay 

off immediately.  

• While process mining vendors support the customer during the initial 

implementation of process mining, they don’t cover the stage of process 

improvement. While this is already an attractive market for business and 

information technology consultancies, process mining vendors should fill this gap 

with own consultant capabilities. Thus, they can offer the customer all services 

from one source. 

• While process mining vendors don’t perceive ethics as a relevant topic of process 

mining, customer mentioned increased concerns. By developing an ethical 

guideline for the application of process mining, vendors would benefit from 

enhanced trust from current and potential customers.  
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8 Limitations and future research 

 Limitations 

Taking a reflective and critical role throughout the research is very important to ensure 

trustworthy and reliable results. Within this part I summarize the general limitations of my 

research design that I find are crucial to mention for the purpose of a reliable and credible 

interpretation of my research.  

 

Limitations of the research design 

A big limitation to my research is the inaccessibility of event log data of a case company 

and therefore the inaccessibility of potential interviewees of the respective company. The 

feedback from the interview participants have confirmed that due to the sensitivity of 

event log data real case-driven research in process mining is constrained. On a holistic 

level event log data can reveal how a company operationalize its business model to 

achieve competitive advantage and thus no company has a general interest to make this 

data public. In addition, event log data can contain confidential information by 

employees, customers, suppliers as well as financials. Thus, I would have faced the 

constraint not to publish my research to the emerging field of process mining. 

 

For my research project the result is a creative but also complex research design that 

requires more time and resources to make the case study as close to reality as possible 

and at the same time ensure a high level of reliability and credibility. The illustrative case 

provides the context of a real-life process mining application. Furthermore, it serves to 

illustrates the functionality and impacts of process mining which otherwise would not 

have been possible. Moreover, the case facilitates the understanding and interpretation 

of the analysis of the empirical results as well as the findings of the research. 

 

A significant limitation and point of criticism is that the empirical data was collected 

independently from the underlying case. The reason therefore was the inaccessibility of 

interviewees to the chosen case company and a lack of time as well as the novelty of 

the topic. As a result, the analysis of the empirical results cannot be directly linked to the 

The last chapter of the thesis starts by reflecting the identified limitations. 

Throughout the data analysis new gaps and starting points for future research 

were discovered. 
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illustrative case. However, the chosen research design offers the opportunity to support 

the developed theory through literature and empirical data.  

Further limitations 

An alternative method of data collection to answer my research question would have 

been a survey research covering a considerably larger sample which would have 

enhanced the generalization of my findings. However, by conducting interviews with a 

smaller but knowledgeable sample of experts I am confident that the findings hold up  for 

criticism. 

 

In regard of the literature I was confronted with the limitation that most relevant resources 

are authored by Wil van der Aalst. As stated in 2.1 Process of extracting the relevant 

literatures Van der Aalst is the seminal researcher in the discipline of process mining. It 

is a sign of the novelty of the discipline as well as a current challenge of researchers in 

process mining. 

 

When conducting the interviews, I acknowledged that I have improved to facilitate a 

natural conversation from the initial to the last interview. My learning for the future is to 

conduct test interviews with fellow students and friends prior to the actual data collection 

to train techniques like laddering and probing and listening skills further. Conducting 

remote interviews turned out to be flexible and of good record quality. Nevertheless, I 

agree with the criticism of remote interviews by Saunders et al., (2009). 

 Future research 

In general, and in regard to the mentioned limitations of the emergent state of process 

mining literature, the discipline of process mining provides interesting research topics for 

future business and management students and current scholars.  

 

The research discipline of process mining would generally benefit from further real-life 

case study research. Therefore companies, universities and the involved scholars need 

to find a way to overcome the current inaccessibility of event log data to apply process 

mining. In addition, the young theory would benefit to focus on the identitied shift towards 

process monitoring and diagnosing. Due to the limited scope the mentioned BI 

capabilities could not be further investigated. 

 

Further identified areas for future research are defined in exemplary research questions: 
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• What are the effects of transparency enabled by process mining on working 

behavior? 

• How can the transparency enabled by process mining be quantified? 

• What are the effects of the application of robotic process automation? 

• How can organizational mining be used for organizational change? 

• What is the role of ethics in process mining? 
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