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Abstract
Process mining is a specialized form of data-driven process analysis that organizations use

to understand and improve their business processes. Applying process mining techniques

such as process discovery, conformance checking, or enhancement using event logs as the

central data source generates insights into process behavior, performance, and compliance.

Turning these insights into action supports evidence-based process improvement and

strategic decision-making. Therefore, process mining supports multiple phases of the

business process management lifecycle (i.e., process discovery, process analysis, process

improvement and implementation, and process monitoring and controlling) using data

about the execution of a process. The groundwork for these outstanding developments has

been laid in academia, where a huge research stream focuses on developing and improving

new process mining algorithms for various use cases, resulting in a strong technology core

for process mining and analysis techniques.

The overall purpose of this dissertation is to advance process mining by building on its

solid technological core around the numerous process mining analysis algorithms by

adding the missing pieces in preceding and subsequent steps of end-to-end process mining

projects. Furthermore, this dissertation also abstracts from a single-project perspective

and contributes on the managerial side to the broad applicability of process mining in

organizations. Applying design science research principles, the research objectives of this

thesis are primarily addressed through design-oriented research by creating and evaluating

multiple artifacts in the form of reference architectures, methods, and instantiations.

Ultimately, researchers in the process mining field as well as practitioners on the vendor

and adopter side should benefit equally from the contributions of this thesis. Therefore,

this cumulative dissertation comprising five research papers addresses three challenges

that slow down the widespread adoption of process mining in organizations.

First, research on adopting process mining at the enterprise level is somewhat fragmented,

leading to a call for better guidance on managing process mining project portfolios,

complemented by a holistic understanding of the opportunities and challenges of using PM

in organizational settings. Therefore, this dissertation provides two deliverables to address

this research need: Research Paper P1 provides a holistic overview of the opportunities and

challenges of using process mining in organizations. Further, Research Paper P2 developed

a method to manage portfolios of process mining projects in a value-oriented manner.

Second, for process data quality management, there is a need for a dedicated environment

focused on detecting, measuring, and repairing data quality problems. Research Paper
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P3 proposes a reference architecture for process data quality management to address this

research need. The reference architecture is designed to be comprehensive and flexible

enough to incorporate current and future contributions to the multifaceted problem of

process data quality. Before applying process mining techniques, the high quality of the

underlying process data should be validated. However, to my knowledge, research on

event log quality assessment of event logs remains scarce. Therefore, Research Paper

P4 proposes a second contribution to process data quality management by proposing a

user-guided and semi-automated approach for detecting and quantifying process data

quality issues in event logs.

Third, this dissertation aims to contribute to the data-driven process improvement enabled

by process mining. There is still a lack of research on balancing tool-based automation and

guidance of business process improvement tasks by incorporating process data and domain

expertise. Research Paper P5 addresses this gap by proposing a reference architecture that

guides users in improving business processes by leveraging existing process data.

The dissertation concludes with a reflection on some limitations that stimulate future

research. Overall, this dissertation and the embedded research papers contribute to the

identified gaps and aim to enable organizations to realize the full potential of process

mining. First, this thesis provides a foundation that enables organizations to tailor their

process mining project roadmaps to take advantage of the relevant opportunities and be

fully aware of the prevailing challenges. Second, this thesis provides two artifacts for

process data quality management to support the preceding data processing step before

applying process mining. Third, this thesis presents an approach for assisted business

process redesign to support the subsequent process improvement step that can leverage

insights from applying process mining.
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I Introduction

I.1 Motivation

Process mining (PM) is a specialized form of data-driven process analysis that organizations

use to understand and improve their business processes (Martin, D. A. Fischer, et al., 2021;

vom Brocke et al., 2021). Applying PM techniques such as process discovery, conformance

checking, or enhancement using event logs as the central data source generates insights

into process behavior, performance, and compliance (van der Aalst, 2016). Turning these

insights into action supports evidence-based process improvement and strategic decision-

making (Martin, D. A. Fischer, et al., 2021). Therefore, PM supports multiple phases of the

business process management (BPM) lifecycle (i.e., process discovery, process analysis,

process improvement and implementation, and process monitoring and controlling) using

data about the execution of a process (van der Aalst, Adriansyah, et al., 2012; van der

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

In recent years, PM has gained tremendous industry attention and has become a highly

sought-after technology. Although the first PM startups entered the market only a decade

ago, Gartner (2023) already monitors 35 PM vendors, and the PM ecosystem continues to

increase. Founded in 2011, Celonis, the undisputed PM market leader, is already valuated

at $13 billion (Metinko, 2022). This rapid growth is also reflected in the global PM

market, which has grown at a compound annual growth rate (CAGR) of approximately

70% in recent years and is projected to exceed $15 trillion (Kerremans et al., 2021; Fortune

Business Insights, 2022). Meanwhile, several tech giants such as SAP, Microsoft, and IBM

also recognized the huge market potential as evidenced by their recent acquisitions of PM

vendors (see Signavio (2021), Graham (2022), and Lunden (2022)).

The groundwork for these outstanding developments has been laid in academia. A vast

research stream focuses on developing and improving ever-new PM algorithms for various

use cases, resulting in a strong technology core for process mining and analysis techniques.

Initially, PM research focused on the control-flow discovery, i.e., retrieving a process flow

model from an event log. While the control-flow discovery remains an important use case

(Augusto et al., 2018), PM research has broadened its scope over time to include techniques

for checking conformance between a control-flow model and an event log (Carmona et al.,

2018), gaining insights in the involvement of resources in a process (Song and van der

Aalst, 2008), or connecting PM to other techniques such as simulation and predictive
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process monitoring (Kratsch et al., 2020; Martin, Depaire, et al., 2016; Teinemaa et al.,

2019). While many of the state-of-the-art PM algorithms have been integrated into the

open-source platform ProM, the use of PM in organizations has been stimulated by the

development of commercial tools (van der Aalst, 2016).

Since these PM algorithms in isolation do not provide value to organizations, van Eck

et al. (2015) present a PM project methodology that guides the execution of individual PM

projects end-to-end and is divided into three phases with corresponding sub-activities (see

Figure 1): (a) The initialization phase covers the planning of a project (i.e., identifying

research questions, selecting business processes, and composing the project team) and the

data extraction (i.e., determining the scope, extracting event data, and transferring process

knowledge). (b) The analysis phase includes the data processing (i.e., creating views,

aggregating events, enriching logs, and filtering logs), mining & analysis (i.e., process

discovery, conformance checking, enhancement, and process analytics), and evaluation

(i.e., diagnose, and verify & validate). (c) The process improvement & support phase

includes implementing improvements and supporting operations.

While the technological maturity of PM algorithms, i.e., the basis for the “mining &

analysis” activity of van Eck et al. (2015) (Figure 1), is considered sufficiently high due to

the significant investments in the development of new or better algorithms over the past

decades, support for the preceding and subsequent steps is still fragmented. To achieve

reliable PM results, event logs with sufficient data quality generated by the “data processing”

activity (Figure 1) are a crucial requirement (van der Aalst, 2016; Andrews, C. G. J. van

Dun, et al., 2020; van der Aalst, Adriansyah, et al., 2012). In practice, event logs are often

Figure 1: Focus areas of the dissertation adapted from van Eck et al. (2015)
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far from the desired quality (Bose et al., 2013; Suriadi et al., 2017). Therefore, event

logs should not be used naively for PM without ensuring adequate event data quality (van

der Aalst, 2016). Data scientists spend up to eighty percent of their work identifying,

assessing, and remediating data quality issues (Wynn and Sadiq, 2019). Thus, there is a

growing interest in the BPM community to explore the roots of data quality issues and

the associated assurance of high-quality log data (Wynn and Sadiq, 2019; van der Aalst,

Bichler, et al., 2017).

The problem of data quality is multifaceted. Research has emphasized quality problems as

they manifest in event logs (e.g., Bose et al. (2013) and Suriadi et al. (2017)). Managing

process data has its own requirements, some of which are different from other types of

data, which means that process data governance needs to consider the nature of PM (Goel

et al., 2021). Thus, managing process data quality requires a deep understanding of the

business environment, culture, processes, and goals. The complex and rich nature of

process data quality management means that technological solutions should be able to

evolve as our understanding of the field increases. New prevention and detection strategies

should not require a complete overhaul of the architecture of such solutions. While existing

PM environments, such as ProM and Disco, provide support for managing specific data

quality issues typically found in event logs, such as filtering and abstraction, a dedicated

environment focused on detecting, measuring, and repairing data quality issues is a sine

qua non for the next generation of process data quality management.

Selected real-world case reports show that organizations can realize significant value

through PM by continuously identifying opportunities for “process improvement” (Fig-

ure 1) (Grisold et al., 2020; Reinkemeyer, 2020). Transforming business processes at an

accelerated pace is essential for organizations to meet increasing competition and cus-

tomer demands (Beverungen et al., 2021; Huang et al., 2015). In BPM, business process

improvement (BPI) (often referred to as “process redesign” or “process reengineering”)

is concerned with improving business processes to address previously identified process-

related issues, for example, by applying PM techniques (Dumas et al., 2018). BPI projects

involve significant human and technical investments but also yield promising returns

(Huang et al., 2015). Therefore, BPI is generally considered the most value-creating phase

in the BPM lifecycle (Dumas et al., 2018; Gross et al., 2021; Reijers and Limam Mansar,

2005; Zellner, 2011). Despite the importance of BPI projects and the abundant availability

of BPI methods, 60-80% are reported to fail (vom Brocke et al., 2021; Gross et al., 2021;
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Zuhaira and Ahmad, 2021). The failure of BPI projects is rooted in the fact that BPI

itself still “happens in a black box” (Zellner, 2011, p. 217). Therefore, the quality and

effectiveness of BPI depend on the creativity and expertise of the project team to find

valuable solutions (Essam and Limam Mansar, 2012).

Alongside methods, tools are essential for managing the complexity of business processes

and supporting their improvement and deployment (Zuhaira and Ahmad, 2021). While

most of the literature presenting BPI methods does not provide tool support, some ap-

proaches build on redesign patterns to generate tool-based suggestions for their application

to business processes (Fellmann et al., 2019; Netjes et al., 2010; Zuhaira and Ahmad, 2021).

However, they have limitations, such as (1) they rely on data that is difficult to retrieve,

(2) they are inflexible due to hard-coded assumptions, and (3) only a few approaches

provide the ability to incorporate a variety of redesign patterns (Essam and Limam Mansar,

2012). Therefore, it is questionable to what extent such tool-based approaches can handle

the complexity and the rich information about business processes and provide actionable

suggestions for BPI (Essam and Limam Mansar, 2012). While this research gap has been

recognized in the literature, no assistive approach combines both worlds in a guided process

by leveraging process data, e.g., aggregated by applying PM techniques (Röglinger, C. van

Dun, et al., 2021; Essam and Limam Mansar, 2012): tool-based automation and guidance

of BPI tasks on the one hand, and the incorporation of process data and domain expertise

on the other hand.

To understand the organizational impact of PM and its solid technical core, it is essential to

zoom out from a single-project perspective to the enterprise level and focus on questions

such as how organizations adopt PM, how they integrate PM to support BPM, and how

organizations generate value from PM (vom Brocke et al., 2021; Martin, D. A. Fischer,

et al., 2021; Grisold et al., 2020). Recently, case studies have also been published that

report on the application of PM (e.g., Andrews, Wynn, Vallmuur, ter Hofstede, and Bosley

(2020)). These case studies typically provide rich insights into the use of one or more

PM techniques in specific organizational contexts and draw lessons regarding points of

attention for the use of PM in the organization (e.g., Reinkemeyer (2020)).

Although such insights are precious, they are often limited to the boundaries of a single

organization. Furthermore, when implementing PM, identifying and selecting valuable

business processes and use cases for applying PM is a critical challenge that remains

largely unsolved and continues to be a struggle for those responsible (Thiede et al., 2018;
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Grisold et al., 2020). From a project selection perspective, Rott and Böhm (2022) provide a

first approach to identify suitable processes for PM pilot projects. From a project execution

perspective, van Eck et al. (2015) provide a methodology for the end-to-end execution

of an individual PM project. However, there is a lack of support beyond piloting for

scaling and managing PM project portfolios (Reinkemeyer et al., 2022). Better guidance

on managing PM project portfolios, complemented by a holistic understanding of the

opportunities and challenges of using PM in organizational settings, would improve state

of the art in research and practice. Contributions to this gap would help organizations to

tailor their PM project roadmaps while taking advantage of the relevant opportunities and

being fully aware of the prevailing challenges. Furthermore, such an understanding would

guide research by revealing barriers to PM adoption and highlighting avenues that the PM

research community should explore to contribute to successful PM projects.

I.2 Research Objectives

Based on the identified research needs, this dissertation aims to contribute in three areas:

First, research on the adoption of PM at the enterprise level (i.e., the management layer

in Figure 1) is somewhat fragmented, leading to a call for better guidance on managing

PM project portfolios, complemented by a holistic understanding of the opportunities and

challenges of using PM in organizational settings. Therefore, this dissertation provides

two deliverables to address this research need: On the one hand, a holistic overview of the

opportunities and challenges of using PM in organizations is created. On the other hand, a

method is developed to manage portfolios of PM projects in a value-oriented manner.

Second, for process data quality management, there is a need for a dedicated environment

focused on detecting, measuring, and repairing data quality problems. This dissertation

proposes a reference architecture for process data quality management to address this

research need. The reference architecture is designed to be comprehensive and flexible

enough to incorporate current and future contributions to the multifaceted problem of

process data quality. Before applying PM techniques, the high quality of the underlying

process data should be validated. However, to my knowledge, research on event log

quality assessment of event logs remains scarce. Therefore, this dissertation proposes

a second contribution to process data quality management by proposing a user-guided

and semi-automated approach for detecting and quantifying process data quality issues in

event logs based on multiple data quality dimensions and metrics. These research outputs

contribute to the “data processing” activity (Figure 1).
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Third, this dissertation aims to contribute to the data-driven process improvement (last

activity in Figure 1) enabled by PM. It was found that there is still a lack on balancing

tool-based automation and guidance of BPI tasks by incorporating process data and domain

expertise. This dissertation addresses this gap by proposing a reference architecture that

guides users in improving business processes by leveraging existing process data.

The overall purpose of this dissertation is to advance PM by building on its solid techno-

logical core around the numerous PM analysis algorithms by adding the missing pieces in

preceding and subsequent steps of end-to-end PM projects. Furthermore, this dissertation

also abstracts from a single-project perspective and contributes on the managerial side to

the broad applicability of PM in organizations. Applying design science research (DSR)

principles, the research objectives of this thesis are addressed through design-oriented

research by creating and evaluating multiple artifacts in the form of reference architectures,

methods, and instantiations. Ultimately, researchers in the PM field as well as practitioners

on the vendor and adopter side should benefit equally from the contributions of this thesis.

I.3 Structure of the Thesis and Embedding of the Research Papers

This dissertation comprises five research papers contributing to the stated research objec-

tives. Table 1 provides an overview of the structure of this thesis and the embedding of the

research papers. These papers contribute to current research on PM at the enterprise level,

process data quality management, and data-driven BPI.

After motivating the scope of this dissertation and defining the research objectives (Sec-

tion I), Section II (including Research Papers P1 and P2) presents research that addresses

the topic of PM at the enterprise level. Therefore, the thesis provides guidance on managing

PM project portfolios combined with a broad view of the opportunities and challenges of

PM. Research Paper P1 provides a holistic view of the opportunities and challenges for PM

in organizations identified in a Delphi study with 40 international experts from academia

and industry. Apart from proposing a set of 30 opportunities and 32 challenges, the paper

provides insights into the comparative relevance of individual items and differences in the

perceived relevance between academics and practitioners. Research Paper P2 proposes

a management method to assist organizations in determining portfolios of PM projects

that generate business value by improving business processes. The developed method

consists of five activities that outline techniques, roles, and tools: strategize, identify, select,

implement, and monitor. These two research papers enable organizations to tailor their PM
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Table 1: Structure of this thesis and embedding of the research papers

I. Introduction

II. Process Mining at the Enterprise Level

P1 Opportunities and Challenges for Process Mining in Organisations – Results of a Delphi
Study
Martin N, Fischer DA, Kerpedzhiev GD, Goel K, Leemans SJJ, Röglinger M, van der Aalst WMP,
Dumas M, La Rosa M, Wynn MT

P2 A Portfolio Management Method for Process Mining-enabled Business Process
Improvement Projects
Fischer DA, Marcus L, Röglinger M

III. Process Data Quality Management
P3 PraeclarusPDQ: A Framework for Process Data Quality

Sadeghianasl S, Fischer DA, ter Hofstede AHM, Adams M, Andrews R, Comuzzi M, Ko Y,
Koschmider A, Wynn MT, Ziolkowski T

P4 Towards Interactive Event Log Forensics: Detecting and Quantifying Timestamp
Imperfections in Event Logs
Fischer DA, Goel K, Andrews R, van Dun CGJ, Wynn MT, Röglinger M

IV. Data-Driven Business Process Improvement
P5 An Assisted Approach to Business Process Redesign

Fehrer T, Fischer DA, Leemans SJJ, Röglinger M, Wynn MT

V. Summary and Future Research

VI. References

project roadmaps to take advantage of the relevant opportunities and be fully aware of the

prevailing challenges.

Section III (including Research Papers P3 and P4) presents two artifacts for process data

quality management. Research Paper P3 proposes PraeclarusPDQ, a reference architec-

ture for process data quality management. The reference architecture is designed to be

comprehensive and flexible enough to incorporate current and future contributions to the

multifaceted problem of process data quality. Research Paper P4 presents a user-guided

and semi-automated approach for detecting and quantifying timestamp-related problems in

event logs. The approach includes multiple metrics related to timestamp quality dimensions

for a systematic and interactive event log quality assessment during the data processing



I INTRODUCTION 8

phase of PM projects. The artifacts of both research papers have been instantiated as

open-source software to galvanize the PM community.

Section IV (including Research Paper P5) presents research that addresses the topic of data-

driven BPI. The thesis provides an approach for assisted and semi-automated BPI using

process data, e.g., generated from PM. Research Paper P5 presents a conceptualization

of assisted business process redesign (aBPR) to enhance the quality and effectiveness of

BPI. The aBPR concept guides users in improving business processes based on redesign

patterns. Depending on the available data, the aBPR concept classifies four types of

recommendations that differ in their level of automation. Furthermore, this paper proposes

a reference architecture that provides operational support for implementing aBPR tools.

Finally, the reference architecture has been instantiated as a prototype.

Section V concludes this thesis with a summary of the work, outlining limitations and

highlighting avenues for future research. Section VII provides an index of the research

papers, my contributions to the papers, and abstracts of the research papers.
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II Process Mining at the Enterprise Level
As motivated above, a holistic understanding of the opportunities and challenges of using

PM in organizational settings is needed to guide research by revealing barriers to PM

adoption and highlighting avenues that the PM research community should explore to con-

tribute to successful PM initiatives. Furthermore, there is a lack of support beyond piloting

PM when scaling and dealing with PM project portfolios. Therefore, this thesis provides

research that enables organizations to manage their PM project roadmaps (Section II.2;

Research Paper P2) to take advantage of the relevant opportunities and be fully aware of

the prevailing challenges (Section II.1; Research Paper P1).

II.1 Opportunities and Challenges of Process Mining

Over the past decade, a significant amount of research has been conducted in the area

of PM (Thiede et al., 2018). While previous research has primarily focused on the

development and improvement of PM algorithms, case studies reporting on the application

of PM have also been published (e.g., Andrews, Wynn, Vallmuur, ter Hofstede, and Bosley

(2020)). These case studies typically provide rich insights into the use of one or more

PM techniques in specific organizational contexts and draw lessons regarding points of

attention for the use of PM in the organization (e.g., Reinkemeyer (2020)). While highly

valuable, such insights are often limited to the boundaries of a single organization. A more

general and holistic understanding of the opportunities and challenges of using PM in

organizational settings would complement existing insights based on case studies. Against

this background, Research Paper P1 investigates the following research question: What

are the opportunities and challenges of using PM in organizations?

To approach the research question, Research Paper P1 performs a Delphi study with PM

experts from both academia and industry (Paré et al., 2013; Schmidt, 1997). Delphi studies

are a well-established method in information systems (IS) and BPM research that strives

for consensus on a specific topic with a panel of experts over multiple rounds utilizing

questionnaires interspersed with feedback (Kerpedzhiev et al., 2021; Gupta and Clarke,

1996; Skinner et al., 2015). Tables 2 and 3 summarise the main results of the Delphi study:

the shortlisted opportunities and challenges, including the rating distributions regarding

the comparative relevance of the items in the academic and industry subpanels. The

opportunities and challenges are structured along the BPM core elements (i.e., strategic

alignment, governance, methods/information technology (IT), people, and culture (de



II PROCESS MINING AT THE ENTERPRISE LEVEL 10

Table 2: Shortlisted opportunities for the use of PM in organisations

ID Strategic alignment ER MR SR IR

O.1 Enabling inter-organisational value creation**
PM enables value creation by fostering inter-organisational interaction and collaboration.

O.2
Facilitating strategic decision-making
PM facilitates strategic decision-making by objectively assessing the congruency of
operational practices and corporate strategy.

O.3
Supporting digital transformation***
PM supports identifying digital transformation initiatives as well as designing digital
transformation strategies.

Governance

O.4 Maintaining an up-to-date business process repository
PM enables maintaining an up-to-date business process repository.

O.5 Supporting data management
PM helps identify relevant data and highlights potential data management issues.

Methods/IT - Overall

O.6
Complementing management approaches and techniques
PM instils process and data awareness into other management approaches and tech-
niques.

O.7
Supporting IT management
PM helps derive insights that are useful for the selection, implementation, and improve-
ment of IT systems, tools, and interfaces.

Methods/IT - Process discovery

O.8
Accelerating as-is business process modelling*
PM accelerates as-is business process modelling and makes it more objective compared
to data-agnostic methods.

O.9
Enhancing business process transparency
PM increases the transparency of business processes by visualising the actual business
process flows based on real-life data.

Methods/IT - Process analysis

O.10
Analysing business processes from the resource perspective
PM permits the retrieval of actionable insights into the resource involvement and collab-
oration patterns in a business process.

O.11
Analysing business process variants and exceptions*
PM allows the analysis of business process variants and exceptional business process
instances, supporting initiatives such as business process standardisation.

O.12
Understanding business process compliance
PM allows efficient and comprehensive compliance checking of business process execu-
tions as well as understanding the reasons for deviant behaviour and fraud.

O.13
Detecting business process drift*
PM enables the detection of business process changes and getting insights into the
evolution of business processes over time.

O.14
Enabling business process comparison and benchmarking
PM enables comparative analysis and benchmarking of business processes or business
process variants.

O.15
Enhancing business process risk management
PM enables assessing business process risks and supports the definition of risk mitigation
actions.

O.16
Identifying business process waste
PM supports the identification of business process waste such as non-value-added tasks
or bottlenecks.

Methods/IT - Process redesign and implementation

O.17 Enabling business process automation*
PM supports the identification of automation potential in business processes.

O.18
Enhancing business process improvement and redesign
PM enhances business process improvement and redesign, ranging from the identifica-
tion of improvement options to the evaluation of its effects.

O.19
Improving resource assignment in business processes**
PM allows organisations to improve resource assignments at the levels of tasks and team
composition.

Methods/IT - Process monitoring and controlling

O.20 Enabling decision-making at run-time
PM enables run-time decision-making as well as resource assignment.

O.21
Evaluating business process performance
PM supports organisations in assessing and continuously monitoring the performance of
business processes.

O.22
Predicting outcomes of running cases**
PM supports prediction at run-time regarding expected business process paths and
outcomes.

People

O.23 Enhancing employee training*
PM supports the assessment and improvement of business process training.

O.24 Enriching domain knowledge through data
PM encourages domain experts to actively analyse business process data.

O.25
Generating intuitive visualisations for business users
PM generates intuitive business process visualisations for business users without techni-
cal expertise.

O.26
Supporting knowledge management
PM helps make implicit knowledge explicit by unveiling good and bad practices in
business processes.

Culture

O.27
Fostering a business process- and data-centric mindset
PM fosters a cross-functional process- and data-centric mindset by visualising business
processes and providing data-backed insights.

O.28
Fostering a continuous improvement mindset***
PM stimulates a continuous improvement mindset by encouraging employees to system-
atically scrutinise business processes.

O.29
Nurturing evidence-based communication and decision-making
PM acts as a catalyst for evidence-based communication and decision-making, encour-
aging objective conversations related to business processes.

O.30
Supporting a culture of customer centricity
PM supports a culture of customer centricity when retrieving insights in business
processes with an explicit focus on the customer’s perspective.

A: academics( ); P: practitioners( ); significance codes: p0.001: ***, p0.01: **, p0.05: *;
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Table 3: Shortlisted challenges for the use of PM in organisations

ID Strategic alignment ER MR SR IR

C.1
Elusive business value
The business value of PM is difficult to determine with regard to the alignment of
strategic and operational goals as well as the quantification of costs and benefits.

C.2
Lack of management support
Initiating, funding, and conducting PM initiatives requires a strong management com-
mitment.

C.3
Unclear success factors
It is unknown which organisational setups and properties ensure an efficient and effective
use of PM.

Governance

C.4 Constraining data access barriers
Limited data access across departmental and organisational boundaries restricts PM.

C.5
Lack of interdisciplinary and cross-functional teams*
PM suffers from a lack of interdisciplinary and cross-functional teams covering sponsors,
IT, and data specialists as well as business users and project managers.

C.6
Missing implementation guidance
There is a lack of comprehensive guidance on the implementation of PM for different
organisations, domains, contexts, and strategic goals.

C.7
Poor data quality*
Source or event data are often inaccurate, noisy, and/or incomplete.

C.8
Restricting data privacy regulations
Compliance with data privacy and security regulations limits the detail of what can be
discovered and analysed through PM.

C.9
Unavailability of data***
The availability of event data needed for PM is limited.

C.10 Unclear organisational anchoring***
It is unclear how PM expertise should be anchored within the organisation.

Methods/IT

C.11
Challenging (real-time) system integration**
Insufficient real-time system connectivity or integration into existing IT infrastructure
negatively impacts deriving insights through PM.

C.12 Complex data preparation
Substantial effort is required for data extraction and pre-processing.

C.13 Difficult analysis of process exceptions
PM lacks support for deriving insights from process exceptions.

C.14
Difficult handling of unstructured data
PM provides limited support for exploiting unstructured data that is not available in
activity-based semantics or event format.

C.15
Fragmented solutions**
There is a lack of comprehensive PM solutions supporting a wide range of conceivable
use cases.

C.16
Incomprehensible outcomes***
Non-standard visualisation techniques used in PM may lead to overcomplicated and
hardly understandable business process models.

C.17
Insufficient prescriptive capabilities
PM tools are limited regarding their prescriptive capabilities.

C.18 Lack of advanced features
PM lacks advanced features such as automation, simulation, and data anonymisation.

C.19
Underrepresentation of declarative models
PM relies disproportionately on imperative business process models and largely disre-
gards declarative/hybrid process models.

People

C.20
Insufficient domain expertise
The lack of comprehensive domain and business expertise inhibits the ability to cus-
tomise PM as well as to adequately interpret the results.

C.21
Insufficient analytical skills
The lack of fundamental analytical skills, including business process modelling and
optimisation, impedes deriving value from PM.

C.22
Insufficient technical skills**
The lack of sufficient training in technical skills required to implement PM is detrimental
to setting up and conducting PM.

Culture

C.23
Aversion to transparency
PM leads to an undesired level of transparency, revealing unpleasant results and trigger-
ing defensive mechanism in employees.

C.24 Insufficient data orientation***
A lack of data orientation causes doubts regarding the validity of PM outcomes.

C.25 Insufficient process orientation***
A lack of process orientation causes doubts regarding the value of PM.

C.26
Invasive work monitoring
PM is perceived as intrusive and raises concerns about privacy and individual perfor-
mance controlling.

C.27
Lack of continuous incorporation
PM is perceived as a one-off initiative, creating a barrier for scaling up and establishing
continuous PM.

C.28
Lack of trust in insights
PM results and their potential to generate value are discredited since applied techniques
are not understood or perceived as a black box.

C.29
Misleading overconfidence
Overconfidence in current business process performance downplays the improvement
potential through PM.

C.30
Resistance to change
Unwillingness to break down long-established routines negatively affects acting on PM
insights.

C.31
Unsubstantiated expectations
More is projected into PM than can realistically be achieved leading to false expectations
and disappointment with the obtained results.

C.32
Unwillingness to share domain knowledge*
PM stakeholders are unwilling to share domain knowledge due to the fear of providing
too much business information or becoming obsolete.

A: academics( ); P: practitioners( ); significance codes: p0.001: ***, p0.01: **, p0.05: *;
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Bruin and Rosemann, 2007)) and, for the opportunities regarding methods/IT, along the

phases of the BPM lifecycle (i.e., process discovery, process analysis, process redesign

and implementation, and process monitoring and controlling (Dumas et al., 2018)).

The primary contribution of the Delphi study is a list of 30 opportunities and 32 challenges

that academics and practitioners consider relevant to the use of PM in organizations. The

opportunities and challenges are very diverse, covering each of the BPM core elements and

addressing technical, managerial, and cultural aspects. For the opportunities, an additional

distinction is made between the phases of the BPM lifecycle, and items are present in

each phase. Despite the historically strong focus of PM research on the technical side,

this study shows that many opportunities and challenges are non-technical. Only 17 out

of 30 opportunities (57%) and 9 of 32 challenges (28%) are related to the methods/IT

core element. The fact that relatively more opportunities than challenges are related to

the methods/IT core element is consistent with the observation that PM is still primarily

perceived as technical practice but also indicates that PM techniques are maturing. The

fact that many challenges are located in core elements other than methods/IT opens up

perspectives for various strands of non-technical PM research.

The secondary contribution of the study is its insights into the comparative relevance of

opportunities and challenges, deliberately separating the views of academics and practi-

tioners. This perspective has not yet been considered in previous literature. To compare the

subpanels used, the median and mode rating values for both subpanels were calculated, as

well as the p-value of Fisher’s exact test, which indicates the significance of inhomogeneity

between the subpanels for the rating of the respective opportunity or challenge. In Tables 2

and 3, asterisks are used to label the denomination of an item in case of significant inhomo-

geneity of the subpanel rating distributions based on Fisher’s exact test. When discussing

similarities and differences in the subpanel rating distributions, the median serves as the

primary criterion, as it is more robust to outliers than the mode (von der Gracht, 2012). In

the case of different medians, the mode and Fisher’s exact test statistics are used to check

for significant differences.

Regarding strong agreement between the two subpanels, academics and practitioners

rated ten key opportunities as extremely relevant according to the median and mode

(Table 4). These tend to be in the area of methods/IT, suggesting that there appears to

be an agreement between the two subpanels on the potential of PM from a technical

perspective. In contrast, there are significant differences between the subpanels regarding
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Table 4: Opportunities and challenges rated as extremely relevant by academics and practitioners

Opportunities • Enhancing business process transparency (O.9)
• Analysing business processes from the resource perspective (O.10)
• Analysing business process variants and exceptions (O.11)
• Understanding business process compliance (O.12)
• Enabling business process comparison and benchmarking (O.14)
• Identifying business process waste (O.16)
• Enhancing business process improvement and redesign (O.18)
• Evaluating business process performance (O.21)
• Generating intuitive visualisations for business users (O.25)
• Nurturing evidence-based communication and decision-making (O.29)

Challenges • Lack of management support (C.2)
• Poor data quality (C.7)
• Complex data preparation (C.12)

challenges, as reflected in their rating distributions. Academics and practitioners agree on

the high relevance of data quality (C.7) and preparation (C.12) as well as management

support (C.2). These are challenges that this thesis actively addresses (Research Papers

2 - 4; Sections II.2, III.1, and III.2). The remaining challenges show varying degrees

of difference in relevance between the two subpanels. This assertion is supported by

the observation that only 9 out of 32 challenges have the same median and mode, and

the p-value does not indicate a significant difference. This means that academics and

practitioners differ in their assessment of the relevance of many challenges. Only three key

challenges are rated as extremely relevant by both subpanels (Table 4).

The observed differences outlined above indicate a perceived disconnect between aca-

demics and practitioners. To push the boundaries of what PM can do in organizational

contexts, a strong partnership between academia and industry is needed, and a disconnect

should be avoided. Such a disconnect would prevent organizations from reaping the full

benefits of academic work because of prevailing challenges that academics are unaware

of or consider less relevant given the predominantly technical research interests of many

PM researchers. Consequently, engaging in bidirectional knowledge transfer through

roundtables or communities of practice could ensure that academia solves scientifically

challenging problems with real-world relevance, allowing the industry to benefit from the

latest scientific knowledge.

A holistic understanding of the opportunities and challenges of using PM in organizations
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has been missing. Research Paper P1 provides a structured overview of such opportunities

and challenges based on a Delphi study with a panel of academic and industry experts. Fi-

nally, it also reveals insights into the comparative relevance of opportunities and challenges,

distinguishing between the views of academics and practitioners. Therefore, this thesis

provides foundational work that enables organizations to take advantage of the relevant

opportunities and be fully aware of the prevailing challenges of PM.

II.2 Management of Process Mining Project Portfolios

The Delphi study presented (Research Paper P1) identified key challenges to using PM

in organizations. This study highlights the lack of management support and the elusive

business value of PM as key challenges (Martin, D. A. Fischer, et al., 2021). When

implementing PM, identifying and selecting valuable business processes and use cases for

applying PM is a key challenge that remains largely unresolved and continues to plague

responsible managers (Thiede et al., 2018; Grisold et al., 2020). When establishing PM,

it is often difficult to know which use cases to start with (Rozinat, 2021). From a project

selection perspective, Rott and Böhm (2022) provide a first approach to identifying suitable

processes for PM pilot projects. From a project execution perspective, van Eck et al.

(2015) provide a methodology for the end-to-end execution of an individual PM project.

However, there is a lack of support beyond piloting when scaling and dealing with PM

project portfolios (Reinkemeyer et al., 2022). Therefore, Research Paper P2 addresses this

challenge with the following research question: How can organizations manage process

mining project portfolios?

To approach the research question, Research Paper P2 proposes a method for managing

portfolios of so-called PM value cases, which are defined as PM-enabled BPI projects.

The method is developed based on DSR combined with situational method engineering

(SME) (Hevner et al., 2004; Peffers et al., 2007; Ralyté et al., 2003). In line with DSR and

SME principles, the method is based on justificatory knowledge about project portfolio

management (PPM) and the business value of PM. It is built around method requirements

and three design objectives (DOs) (structured guidance, consideration of process and

context factors, comparability of PM value cases). The overall goal of the method is to

help organizations manage PM project portfolios to generate value for the organization

through data-driven BPI. A prototypical instantiation complements the method.

Figure 2 shows the artifact resulting from the DSR project, including adjustments made
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Activity 3: Select
• Analyze individual

value cases
• Define value case

portfolio

Activity 2: Identify
• Identify and acquire potential value cases
• Support business units in the identification
• Screen value cases based on minimal criteria

Activity 4: Implement
• Implement data models and process mining

analysis frontends
• Derive actions for process improvement
• Implement the identified actions

Activity 5: Monitor
• (Continuously) monitor

value realization of
completed value cases

Input
channel

Ideation
Workshops

Idea Backlog Insight Action Value
Screening

Selection
Validation Closing

Strategic

Operational

Discarded cases

Case restart

Activity 1: Strategize
• Derive KPIs & strategic focus for PM activities
• Define relevant criteria and weighting for assessing process mining value cases
• Allocate resources

Value case (different coloring
per business process)

(Senior) Manager/
Sponsor

Business department/
Process owner

Process mining
team member

Figure 2: Overview of the method for managing PM project portfolios

following extensive evaluation. The method for managing PM project portfolios consists

of five activities (strategize, identify, select, implement, monitor) that guide potential

users through the required actions by suggesting techniques, roles, and tools for each

activity. These activities are derived from the literature (see Archer and Ghasemzadeh

(1999), Stettina and Hörz (2015), Dumas et al. (2018), and van Eck et al. (2015)) and

supported by a panel of twelve experts from research and practice involved throughout

the design and evaluation of the method. Activity 1 (“Strategize”) is preparatory, with

the aim of gathering and processing input for subsequent activities. At the strategic level,

relevant strategic goals and criteria are derived for each decision point during the value

case journey. IT and human resources are also allocated. Activities 2 to 5 take a value

case-centric perspective and define the PM value case journey: Activity 2 (“Identify”)

involves identifying potential value cases and screening for minimum criteria that must

be met for a value case to be considered. Activity 3 (“Select”) takes place before value
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case implementation and concerns evaluating candidate value cases and defining a project

portfolio for the subsequent activity. Activity 4 (“Implement”) concerns the implementation

of individual value cases and is divided into two phases: the insight phase, which covers

the implementation of the analysis tools and the derivation of actions for BPI, and the

action phase, which covers the implementation of the derived BPI actions and thus marks

the beginning of value realization. Activity 5 (“Monitor”) takes place after the value

case implementation and concerns monitoring the performance improvement and value

realization of implemented value cases. Overall, the method is structured in a decision-

support and user-guiding manner that requires humans in the loop. For each activity,

the method guides the user through the required actions and relevant decision points,

thereby providing a framework for making informed decisions about whether proceed with

or discard individual value cases. However, the calculated results are intended only as

decision support for the user and not as a definite result.

The method is designed to meet the attributes of goal orientation, systematic approach,

principles orientation, and repeatability (Denner et al., 2018). It assembles five activities

that support decision-making for a valuable portfolio of PM projects to reflect goal ori-

entation. The method’s structured approach and activities guide execution to account for

the systematic approach. The detailed specification of each activity, including techniques,

tools, roles, and outputs, ensures the method’s repeatability in different contexts. Further-

more, the application of the method in a real-world case study shows that the method

is repeatable in a real-world context in addition to the artificial context used during the

development. Regarding principles orientation, the method considers three DOs derived

from the literature and evaluated with the expert panel.

Overall, DSR projects should aim to design useful artifacts (Gregor and Hevner, 2013).

To achieve this goal, the evaluation of the method was designed based on three phases

according to Venable et al. (2016) and Sonnenberg and vom Brocke (2012). The ex-ante

evaluation concerned the justification of the research problem and the DOs through a

survey within the expert panel to underpin the importance and novelty of the research

project. The intermediate evaluation was structured around an interview-based validation

of the method’s design specification with the expert panel to underpin the applicability and

real-world fidelity of the method. Finally, a case study as an ex-post evaluation completed

the overall evaluation. For this purpose, the method was applied at one of the world’s

leading semiconductor manufacturers. This case study helped to assess the usefulness of
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an artifact instantiation of the method in a real-world environment.

The increasing adoption of PM in practice requires prescriptive knowledge on managing

PM project portfolios. Research Paper P2 contributes to this need by proposing a method

for managing PM project portfolios. A key distinction of our method from existing PPM

knowledge is the consideration of the data-driven nature of the projects. By iteratively

collecting data along different value case states, the method supports the successful confir-

mation of the value of each project. This results in a funnel-like structure accompanied

by a gradual sorting process. Existing concepts that have been evaluated do not cover the

full scope of the presented method, nor do they exploit new potentials from the data. In

particular, existing work completely neglects data-driven monitoring, which the expert

panel repeatedly emphasized as a critical step in assessing impact and gaining manage-

ment support for further projects. Finally, it became clear throughout the process that an

agile approach to value case management provides the most accurate picture of current

approaches in practice.

In summary, this section has presented two significant contributions on the organizational

side of PM. First, a structured overview of opportunities and challenges based on a Delphi

study with a panel of academic and industry experts was presented. Second, a method

for managing PM project portfolios was developed. Together, these two contributions

provide solid guidance for managing PM project portfolios, complemented by a holistic

understanding of the opportunities and challenges of using PM in organizational settings.
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III Process Data Quality Management
Zooming from a portfolio perspective to the PM project level, Section I showed that process

data quality management is critical to PM. As the saying goes - garbage in, garbage out -

reliable PM results depend on high-quality process data (van der Aalst, 2016; Andrews,

C. G. J. van Dun, et al., 2020; van der Aalst, Adriansyah, et al., 2012). However, process

logs are often far from the desired quality, resulting in data scientists spending up to eighty

percent of their work on identifying, assessing, and remediating data quality issues (Wynn

and Sadiq, 2019; Bose et al., 2013; Suriadi et al., 2017). Unfortunately, research on process

data quality has somewhat lagged behind the development of algorithms. Therefore, this

thesis contributes to this gap and provides a reference architecture for process data quality

management (Section III.1; Research Paper P3). In addition, it provides a framework

for process data quality measurement, a component that has received remarkably little

attention to date (Section III.2; Research Paper P4).

III.1 A Framework for Process Data Quality Management

The problem of data quality is multi-faceted. Research has emphasized quality problems

as they manifest in event logs (e.g., Bose et al. (2013) and Suriadi et al. (2017)). However,

managing process data has its own requirements, some different from other types of data,

meaning that process data governance needs to take the nature of PM into considera-

tion (Goel et al., 2021). The complex and rich nature of process data quality management

means that technological solutions should be able to evolve as our understanding of the

field increases. New prevention and detection strategies should not require a complete over-

haul of the architecture of such solutions. While existing PM environments, e.g., ProM and

Disco, provide support for managing certain data quality problems typically encountered

in event logs, e.g., through filtering and abstraction, a dedicated environment focusing on

the detection, measurement, and repair of data quality problems is a sine qua non for the

next generation of process data quality management. Therefore, Research Paper P3 aims

for the following research question: How to design a reference architecture for process

data quality management?

This thesis introduces the PraeclarusPDQ reference architecture to address the stated

research question. Based on DSR and guidelines for empirically based reference archi-

tectures, the artifact is designed to satisfy seven design principles that capture desired

capabilities and have been defined ex-ante (Peffers et al., 2007; Gregor and Hevner, 2013;
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Galster and Avgeriou, 2011). Based on the design principles, a conceptual reference

architecture was formulated that is shown in Figure 3. The architecture is designed to

accommodate new developments in data quality management strategies, as well as fu-

ture developments in mitigation and prevention. It is built to anticipate new methods

and strategies beyond current algorithms and techniques. Therefore, the key underlying

principle is abstraction and extensibility, not only for data quality improvement but also

for visualization techniques that allow analysts to interact with data in new ways.

The reference architecture provides two interfaces. The first is a plugin interface, an

abstraction that (currently) allows for four types of plugins: readers, writers, patterns, and

actions. The second interface is a public-facing interface that facilitates user interaction.

It also provides an API for external applications and services. This API is used by

the authentication component, which authorizes permitted activities and manages active

sessions. The core of the reference architecture consists of three components: (1) Workflow
Management: This component is responsible for the creation, management, and execution

of workflows. A workflow is a ‘chain’ of one or more plugin objects, where the output of

one becomes the input of the next (except for a reader object, which provides output only).

(2) Data Management: This component is responsible for the maintenance and internal

Figure 3: A high-level reference architecture of the PraeclarusPDQ framework
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Figure 4: Web UI of the PraeclarusPDQ prototype

transport of all process log records. This includes versioning and storing all records to

meet data provenance requirements. (3) Logging: In conjunction with the other main

components, the logging module ensures that all actions are recorded, including user

actions that can be used for future analysis tasks.

The presented reference architecture is the basis for the framework, which has been

implemented as a web service written primarily in Java. All working code is available on

GitHub1. The repository also references a web interface that reflects the latest release and

an introductory video that complements the implementation. Figure 4 shows the web-based

user interface for the implementation. The top-left panel lists the currently loaded plugins,

grouped by type: Readers, Writers, Patterns, and Actions. Pattern plugins are further

subcategorized by their imperfection pattern type. Eventually, the framework will support

the input and output of data from any potential data source. New plugins can be added at

any time and are automatically listed without requiring any configuration changes. Plugins

can be dragged onto the workflow canvas to create new workflow nodes.

In line with DSR and reference architecture development principles, multiple evaluation

phases were integrated into the design and development process (Peffers et al., 2007;

Galster and Avgeriou, 2011). Therefore, the framework for evaluation in design science
1https://github.com/praeclaruspdq/PraeclarusPDQ/

https://github.com/praeclaruspdq/PraeclarusPDQ/
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(FEDS) by Venable et al. (2016) was adopted and extended with selected components from

the DSR evaluation framework by Sonnenberg and vom Brocke (2012). Complementing the

overarching goal of developing useful artifacts (Gregor and Hevner, 2013), the evaluation

strategy was divided into three phases: For the ex-ante evaluation, a literature scan was

conducted to provide ex-ante justification of the research problem, the research gap, and

the derivation of design objectives. For the intermediate evaluation, the applicability

of the PraeclarusPDQ framework was tested by implementing two process data quality

management plugins from Sadeghianasl et al. (2019) and Ko and Comuzzi (2021) from

their previous research dealing with data quality management activities. For the ex-post

evaluation, the PraeclarusPDQ was presented to a group of researchers actively engaged in

process data quality management to evaluate the artifact in terms of perceived “usefulness”

and “ease of use” (Davis, 1989).

Research Paper P3 presented the PraeclarusPDQ reference architecture and an associated

open-source software environment designed to incorporate future solutions for various

aspects of process data quality management. The reference architecture and associated

software framework have been tested and evaluated for their applicability, usefulness, and

ease of use. The PraeclarusPDQ framework is publicly available, which means that it can

serve as a rallying point for process data quality researchers. The framework will help

them develop their research contributions in the area of process data quality management

and make them available to the public for feedback. Based on the open-source software

approach, it is the ambition that the PraeclarusPDQ framework will evolve into an artifact

that facilitates research collaboration in the area of process data quality management and

will become the hub for software contributions in this area.

III.2 Measurement of Process Data Quality

Although adequate data quality is often assumed, in practice, process logs are often far

away from the desired quality (Wynn and Sadiq, 2019; Bose et al., 2013; Suriadi et al.,

2017). Therefore, event logs should not be used naively for PM without ensuring adequate

event data quality (van der Aalst, 2016). Hence, it is essential to have the means to detect

and quantify the quality of event logs (Wynn and Sadiq, 2019). However, research dealing

with (semi-automated) quality assessment of event logs remains scarce (Andrews, Wynn,

Vallmuur, ter Hofstede, Bosley, et al., 2019). This work aims to fill this research gap

specifically for timestamp-related data quality issues, as timestamps are at the core of many

PM use cases (van der Aalst, Adriansyah, et al., 2012; Dixit et al., 2018; Gschwandtner
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et al., 2012). Accurate timestamps are essential for reproducing the correct sequence

of activities, obtaining accurate process models (discovery), measuring the alignment

between the process model and the actual process flow (conformance), and determining

the effectiveness and efficiency in the execution of activities (performance) (Dixit et al.,

2018; Gschwandtner et al., 2012). In contrast, inaccurate and coarse timestamps often

result in convoluted process models that can lead to incorrect analyses (Dixit et al., 2018).

Research Paper P4, therefore, focuses on the following research question: How can

timestamp-related data quality issues in event logs be detected and quantified?

Following the DSR paradigm (Peffers et al., 2007), the paper builds on four essential DOs

for a timestamp-related quality quantification approach from mature knowledge about data

and event log quality. Table 5 shows the final framework for detecting and quantifying

timestamp imperfections in an event log, resulting from the design and development phase

and the subsequent evaluation. To address the stated DOs, the framework consists of

two axes: On the one hand, standard abstraction levels of event logs (event, activity,

trace, log) (van der Aalst, 2016) are used to evaluate the timestamp quality. On the

other hand, four data quality dimensions are used: accuracy, completeness, consistency,

and uniqueness. The derived framework forms the basis for positioning metrics for

timestamp quality assessment. However, since multiple units are required to evaluate

equality, measuring consistency or uniqueness for a single event at the event level is

Table 5: Timestamp quality assessment framework

TIMESTAMP QUALITY
QD1:

Accuracy
QD2:

Completeness
QD3:

Consistency
QD4:

Uniqueness
M9: Mixed Granularity

of the LogcLog
Level

M5: Missing

Tracec M10:
Formatb

M13: Duplicates

within Logc

M1: Infrequent
Activity OrderingaTrace

Level M2: Overlapping
Activities per Resourcea

M6: Missing

Activityb

M11: Mixed Granu-

larity of Tracesa

M14: Duplicates

within Traceb

Activity
Level

M7: Missing

Eventc

M12: Mixed Granu-

larity of Activitiesc

M15: Duplicates

within Activityc

M3:
Future EntrycEvent

Level M4:
Granularityc

M8: Missing

Timestampc

: metric can be allocated; : no metric can be allocated
a: pre-existing detection approach used; b: modification of pre-existing detection approach; c: new development
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impossible. Therefore, the background of the corresponding cells is gray.

Within the designed framework, 15 quality metrics are positioned. These metrics are either

derived from existing detection approaches (marked with a), modifications of existing

detection approaches (b), or detection approaches that have been designed by the authors

based on insights from the literature (c). However, no evidence of timestamp quality issues

affecting accuracy at the log or activity level was found. Nonetheless, the framework

should be seen as an extensible basis for quantifying event log quality, and thus additional

metrics or dimensions can be integrated. Four components are used to describe each metric:

(1) A description of the metric and the quality issue under investigation is presented.

Additionally, possible reasons for the presence of such quality issues are mentioned. (2) An

approach for the detection of the investigated quality issue is presented. (3) An approach is

presented to aggregate the detected quality issues per metric into patterns. This helps the

user to keep the overview and to systematically clean the detected quality issues (Suriadi

et al., 2017). (4) Finally, an approach for the quantification of a score between 0 and 1 per

metric is shown to support the user in decision-making.

Another goal of the approach is to incorporate domain and use case knowledge from

domain experts. The approach for detecting and quantifying timestamp imperfections

has been implemented as open-source software2. The prototype displays the metrics and

calculated scores, computed fully automatically after importing an event log in XES format.

It also visualizes aggregated scores for each quality dimension and event log level. In

addition, several additional components are added to allow for the integration of domain

and user input. The components allow for domain and use case independence of the

solution and a human in the loop to optimize the detection of timestamp imperfections

and to customize the timestamp quality quantification for specific use cases and domains:

(1) Quantification configuration. The approach provides a configuration option to suppress

unimportant metrics or dimensions and adjust the metrics’ weight. (2) Errorlists. To

increase transparency and traceability, the user can investigate the detected quality issues

for each metric. (3) Whitelisting. The presented approach for detecting and quantifying

timestamp imperfections is deliberately designed to minimize the risk that existing issues

remain undetected (false positives). To reduce the number of such false positives, the user

can “allowlist” incorrectly detected patterns and quality issues. (4) Quality information. In

2available in the ProM nightly build which can be downloaded here: http://bit.ly/38KVK
vJ (Verbeek et al., 2011). The source code is available in the ProM package “LogQualityQuantification”
(http://bit.ly/39OAgj0) or on Github (https://bit.ly/3iiEnub)

http://bit.ly/38KVKvJ
http://bit.ly/38KVKvJ
http://bit.ly/39OAgj0
https://bit.ly/3iiEnub
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the approach, the user can add the current quality information to the metadata of the event

log under consideration.

The approach has been evaluated according to the framework of Sonnenberg and vom

Brocke (2012), which consists of four evaluation activities (EVAL1 to EVAL4) structured

along two dimensions, i.e., ex-ante/ex-post and artificial/naturalistic evaluation (Pries-Heje

et al., 2008; Venable et al., 2012). For EVAL1, the research gap and the derived DOs

were justified based on a literature scan. For EVAL2, the design specification of the

approach was compared with competing artifacts to support the significant added value of

the approach to the existing literature. For EVAL3, the approach was implemented as a

software prototype. In addition, experiments were conducted with experts from research

and practice using real-world event logs to refine the metrics and demonstrate the real-

world fidelity and consistency of the approach. As for EVAL4, a survey study with PM

experts from academia and industry validated the perceived ease-of-use and usefulness of

the approach based on the technology acceptance model (TAM) (Davis, 1989).

Following DSR principles, this thesis presents an approach for detecting and quantifying

timestamp imperfections in event logs based on 15 novel data quality metrics structured

along four data quality dimensions and log levels. The framework focuses on timestamp

quality issues and provides a first step toward quantifying event log quality. The approach

is domain-agnostic and assists process stakeholders in determining the suitability of an

event log for PM analysis. In summary, the approach and its implementation adequately

support users in detecting and quantifying timestamp quality issues in event logs.

This section has presented two major contributions to process data quality management.

First, a reference architecture and software environment for process data quality manage-

ment. Second, a framework for process data quality assessment. Therefore, this thesis,

including these two contributions, provides a solid base to pave the way for future research

on process data quality management and assessment.
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IV Data-Driven Business Process Improvement

Transforming business processes at an accelerated pace is essential for organizations to

meet increasing competition and customer needs (Beverungen et al., 2021; Huang et al.,

2015). In BPM, business process redesign (BPR) (or BPI) is concerned with improving

business processes to address previously identified process-related issues, for example,

through PM (Dumas et al., 2018). BPR consumes significant resources but also yields

promising returns (Huang et al., 2015). Therefore, BPR is generally considered to be the

most value-adding phase in the BPM lifecycle (Dumas et al., 2018; Gross et al., 2021;

Reijers and Limam Mansar, 2005; Zellner, 2011). As a subsequent step to the PM analysis,

it was found that there is still a lack of research on how to use the process data generated

by PM to improve business processes. Therefore, this thesis aims to contribute to this gap

to enable the end-to-end execution of PM projects. This section presents an approach to

guide BPI tasks by incorporating process data and domain expertise.

Organizations often conduct workshops with consultants and various process stakeholders

to analyze challenges and opportunities and manually generate BPR options (Zellner,

2011). Therefore, the quality and effectiveness of BPR depend on the creativity and

expertise of the project team to find valuable solutions (Essam and Limam Mansar, 2012).

Tools are an essential means to manage the complexity of business processes and assist in

their improvement and implementation (Zuhaira and Ahmad, 2021). While most of the

literature presenting BPR methods does not include tool support, some approaches build

on redesign patterns to generate tool-based suggestions for their application on business

processes (Fellmann et al., 2019; Netjes et al., 2010; Zuhaira and Ahmad, 2021). However,

they have limitations, such as (1) they rely on data that is difficult to obtain, (2) they are

inflexible due to hard-coded assumptions, and (3) only a few approaches provide the ability

to incorporate a variety of redesign patterns (Essam and Limam Mansar, 2012). Therefore,

it is questionable to what extent such tool-based approaches can handle the complexity

and richness of business process information and provide actionable suggestions for BPR

(Essam and Limam Mansar, 2012). While this research gap has been recognized in

the literature, no interactive and assistive approach combines both worlds in a guided

process (Röglinger, C. van Dun, et al., 2021; Essam and Limam Mansar, 2012): tool-based

automation and guidance of BPR tasks on the one hand and the incorporation of domain

expertise on the other hand. Thus, Research Paper P5 addresses the following research

question: How can assistive tools improve BPR?
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Figure 5: Conceptualization of aBPR

Adopting the DSR paradigm (Hevner et al., 2004; Peffers et al., 2007) in conjunction with

reference architecture (RA) development (Galster and Avgeriou, 2011), Research Paper P5

presents the aBPR concept, an RA design specification, and a prototypical instantiation.

Four activities derived from related work guide the development of redesign options using

patterns in a step-by-step manner. as shown in Figure 5: Step 1) select suitable redesign

patterns, Step 2) identify suitable process parts, Step 3) create alternative models, and

Step 4) evaluate the performance of these alternative models. The execution of these

four steps results in redesign options that can improve the process under study, depending

on the evaluation outcome. aBPR tools, as envisioned, deeply integrate these steps and

guide users through their structured application. Using automation potential, tools that

implement the aBPR concept perform these steps in the background and present their

results as redesign recommendations. Users complete the remaining steps manually using

their expertise to transform the recommendations into redesign options. Combinations

of (semi-)automated and manual steps lead to different recommendations that automate

more and more individual steps. In Figure 5, four types of recommendation are defined in

increasing automation level (AL) (Parasuraman et al., 2000).

In addition, the approach presents a diversified and ranked selection of top recommenda-

tions to the user while initially retaining less valuable or too similar recommendations.

To evaluate their potential and similarity, a scoring function implemented in aBPR tools

estimates the impact of each recommendation according to the selected performance objec-
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Figure 6: aBPR reference architecture

tive. The impact of recommendations is not directly comparable across recommendation

types because recommendations at higher ALs are more specific than recommendations

at lower ALs. The scoring function uses empirical information to estimate the potential

impact when no specific impact is measurable. The similarity is calculated as a measure

integrating information about the redesign pattern (e.g., process aspect, pattern identifier)

and the specific recommendation (e.g., the overlap of affected elements).

To implement aBPR tools, Figure 6 shows the aBPR RA as a component diagram. The

RA consists of several components: (1) The model provider component serves as an

external interface for data. (2) The process modeler component provides user interaction

and modeling capabilities. (3) The simulation manager component provides an interface

for process models and executes simulation experiments according to the simulation

configuration. (4) The redesign handler component ensures that the four steps shown in

Figure 5 are followed in sequence for each redesign option. (5) Triggered by changes in a

process model, the recommendation provider repeatedly checks the potential of redesign

handlers and diversifies them to create a list that encourages user creativity. (6) The version
manager tracks the evolution of all redesign options.

aBPR has also been implemented as a prototypical instantiation of the RA (Galster and

Avgeriou, 2011). Except for the simulation manager, which is outsourced as a cloud service

for load balancing, and the event log miner, which is not part of this implementation, all
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Figure 7: Software prototype - general overview with graphical user interface (GUI) elements (1) diagram
editor, (2) performance objective selection, and (3) list of recommendations

components are implemented as modules of a desktop application, as shown in Figure 7.

The source code and technical documentation are available online3. The prototype supports

all patterns from Reijers and Limam Mansar (2005). The application starts with an empty

canvas or an existing business process model and notation (BPMN) diagram. It allows

the user to edit the process model and provides recommendations for its redesign after

selecting a unique performance objective, such as time, cost, flexibility, or quality. The top

recommendations are displayed in a list. Each recommendation details the process aspect,

the heuristic category, its name, a description, and optionally the expected impact and

affected process elements. The user can accept or reject recommendations and evaluate

their impact through simulation experiments and expert judgment. This process is repeated

until satisfaction with the process is achieved, and the improved process model is exported.

In line with the design principles of both DSR and RA development, several evaluation

activities were integrated into the design process (Peffers et al., 2007; Galster and Avgeriou,

2011). Again, the DSR evaluation framework (EVAL1 to EVAL4) by Sonnenberg and vom

Brocke (2012), was applied. For EVAL1, a literature scan was performed to justify the

research problem, the research gap, and the derivation of DOs. For EVAL2 and EVAL3,

the design specification of the aBPR concept was validated through expert interviews.

Furthermore, the prototypical instantiation of the aBPR RA was provided, and BPM

experts from academia and industry were involved in evaluating the applicability of the
3https://github.com/dtdi/assisted-bpr-modeler
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artifact. Finally, for EVAL4, the usefulness of the artifact in naturalistic settings was

underpinned via a case study at KUKA, a global automation company.

BPR is a key to long-term business success for many organizations. Therefore, Research

Paper P5 addresses how assistive tools can improve BPR and proposes a conceptualization

for aBPR. The approach takes process data as input and interactively assists users in

iteratively improving the business process to achieve a specified performance objective.

This research adds to the prescriptive knowledge on BPR by building on and extending

existing approaches (Gregor and Hevner, 2013). aBPR provides a novel approach for

applying redesign recommendations with varying levels of automation and interactivity.

aBPR provides a way to categorize and embed existing pattern application approaches into

a structured process and provides a framework to guide their implementation. In summary,

the contribution of this thesis to BPI marks a cornerstone for actively using process data as

it can come from PM analysis to improve business processes.
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V Conclusion

V.1 Summary

The evolution of PM over the past decades can be considered a true BPM success story.

Over the past years, the massive investment in developing and improving ever-new PM

algorithms for different use cases has created a strong technology core for process mining

and analysis techniques. Although this technological strength provides a solid foundation

for industrial applications, organizations still face several hurdles due to the limited support

for the preceding and subsequent steps surrounding PM analysis techniques. In addition,

the management issues that arise when scaling PM have received little research attention.

This dissertation and the embedded research articles contribute to the identified gaps and

aim to enable organizations to realize the full potential of PM. First, this thesis provides a

foundation that enables organizations to tailor their PM project roadmaps to take advantage

of the relevant opportunities and be fully aware of the prevailing challenges. Second, this

thesis provides two artifacts for process data quality management to support the preceding

data processing step before applying PM. Third, this thesis presents an approach for

assisted business process redesign (aBPR) to support the subsequent process improvement

step that can leverage insights from applying PM.

The PM research field primarily focuses on technical topics such as algorithm development.

However, to support the adoption of these algorithms, it is also essential to gain insight into

the use of PM in organizations and to guide its application at scale. Section II presents two

research papers that address this need. Research Paper P1 provides a structured overview of

opportunities and challenges based on a Delphi study with a panel of academic and industry

experts. It also provides insights regarding the comparative relevance of opportunities and

challenges, distinguishing between the views of academics and practitioners. Research

Paper P2 investigated how to design a PM PPM method. In line with DSR and SME

as the primary research methods, the artifact design builds upon justificatory knowledge

on PPM and the value of PM. The method assists users in evaluating, comparing, and

selecting appropriate PM project portfolios. It also guides managing PM value cases

throughout their lifecycle, i.e., from initiation to completion and monitoring, based on five

activities: strategize, identify, select, implement, and monitor. The method was developed

and evaluated with an expert panel of academics and practitioners. Based on a conclusive

evaluation in a real-world application, the applicability and usefulness of the artifact in
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naturalistic settings are underpinned. Together, these two contributions provide solid

guidance for managing PM project portfolios, complemented by a holistic understanding

of the opportunities and challenges of using PM in organizational settings.

At the project level, there are gaps in process data quality management, even though it is

well known that the reliability of PM analyses is highly dependent on the quality of the

imported data. Thus, process data quality can be a key obstacle for PM to gain further

traction in practice. Section III presents two DSR-based artifacts that contribute to this

research gap. Research Paper P3 presents the PraeclarusPDQ reference architecture and an

associated open-source software environment to incorporate future solutions for various

process data quality management aspects. The reference architecture and its associated

software framework have been tested and evaluated for applicability, usefulness, and ease

of use. Based on the open-source software approach, the PraeclarusPDQ framework is

intended to evolve into an artifact that facilitates research collaboration in process data

quality management and becomes the hub for software contributions in this area. Before

applying PM techniques, the high quality of the underlying process data should be validated.

Therefore, Research Paper P4 presents an approach to detect and quantify timestamp

imperfections in event logs based on 15 novel data quality metrics structured along four

data quality dimensions and log levels. The framework focuses on timestamp quality issues

and provides a first step toward quantifying event log quality. The approach can identify

common timestamp-related problems and measure the quality of timestamp information in

event logs. In addition, the approach is domain-agnostic (e.g., by suppressing irrelevant

metrics or adjusting the weight of metrics). As a result, it helps process stakeholders

interactively determine the suitability of an event log for PM analysis.

Finally, it was found that there is still a lack of research on balancing tool-based automation

and guidance of BPI tasks with the incorporation of process data and domain expertise.

Therefore, Section IV proposes an approach to leverage process data that can be generated

by PM for semi-automating BPI. Research Paper P5 presents a conceptualization for aBPR

that takes process data as input and interactively assists the user in improving the business

process to achieve a specified performance objective. Four types of recommendations assist

the user by leveraging increasing domain and use case knowledge. The proposed aBPR

reference architecture is a template for new instantiations to address the lack of tools. The

paper provides evidence of the novelty of the approach and demonstrates functionalities

on artificial process data using the prototypical instantiation. Furthermore, the design
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specification and the prototype were discussed with experts from academia and industry to

demonstrate their applicability. Finally, a case study was conducted in a naturalistic setting

to demonstrate the utility of aBPR. The research adds to the prescriptive knowledge on BPI

by building on and extending existing approaches. aBPR provides a novel approach for

applying redesign recommendations with varying levels of automation and interactivity.

V.2 Limitations and Future Research

The results of this thesis need to be reflected against some limitations that also stimulate

future research. This section zooms out from the individual limitations of each research

paper that can be found in the articles (see Sections VII.3 to VII.7). The following presents

limitations and avenues for future research in the preceding and subsequent steps of the

core PM analysis and on the managerial side of PM adoption.

Methodologically, the DSR and Delphi methods were central to the development of the

results. Accordingly, some limitations are inherent in the nature of these methodological

frameworks. First, as with any Delphi study, the results are based on the perceptions of a

limited number of experts. Since the size of the panel consulted aligns with the exploratory

nature of Delphi studies but is relatively small for statistical purposes, panel bias cannot

be formally excluded. Therefore formal claims about the representativeness of the results

are not possible. Nevertheless, the structured approach used to assemble the panel (with

explicit selection criteria), as well as the positive feedback and high level of satisfaction

throughout the study, support confidence in the validity of the results. Second, in this

thesis, various artifacts resulted from DSR. A known challenge in the IS literature is the

limited advice on measuring the level of contribution of DSR artifacts (Gregor and Hevner,

2013). In general, DSR strives to design artifacts that address fundamental unsolved

problems innovatively and are useful to a specific user group (Hevner et al., 2004; Gregor

and Hevner, 2013). To address this shortcoming, the design of the artifacts has consistently

been complemented by extensive evaluations to provide some evidence of the applicability

and usefulness of the artifacts.

Given that PM is a process-oriented form of data science, there have been occasional

questions about the exclusivity of the management contributions to PM. While it can

be confirmed that the results overlap with findings in related disciplines, it was not the

scope of this thesis to systematically identify exclusive components that only apply to PM.

Instead, the goal was also to learn from related disciplines and to obtain holistic results
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with specific relevance to PM or a specific interpretation in the context of PM, e.g., a

holistic overview of challenges and opportunities relevant to PM. Therefore, the thesis

aimed at validating the specific relevance of the results, which can be seen in the expert

ratings in the Delphi study or the evaluation results of the managerial artifacts reflecting

the particular interest of the PM field in the results. Accordingly, future research should be

encouraged to learn from related fields to generate results relevant to the PM field.

For the design of the process data quality framework, it has to be considered that it is at

best possible to anticipate medium-term developments (e.g., object-centric event logs)

in research and practice. Although the PraeclarusPDQ framework was designed to be

as flexible as possible to accommodate innovative approaches to process data quality

management, the framework will likely require repeated minor slight updates to reflect

the latest developments in the field. Furthermore, process data quality management

has proven to be very domain dependent, which significantly hampers the ability to

design generalizable and automated artifacts. Accordingly, a strong focus on inputs

that systematically incorporate expert knowledge to account for domain dependencies is

required. While data quality management approaches in this thesis build on the involvement

of a human in the loop as a major strength, they also have limitations in that they require

additional effort from the users to improve the detection, assessment, and resolution of

process data quality issues.

For data-driven BPI, user input and a human in the loop are also mandatory for the

aBPR approach. The evaluation showed that the process data needed to create accurate

simulation models are not readily available yet and must be generated and imported

mostly manually. Although BPI is a multi-dimensional construct, the current approach is

designed to optimize the process towards a single performance objective, such as time or

cost. In addition, aBPR can only improve business processes incrementally. Therefore,

process owners must complement this process exploration tool with more radical process

innovation concepts to operate business processes successfully over the long term.

Beyond the limitations, this thesis opens additional avenues for future research. Regarding

management topics, the work presented provides a first step in adding content and structure

to the field. Nevertheless, many organizational issues that can benefit from this thesis

remain unsolved. Therefore, the identified organizational challenges for PM and the future

directions by vom Brocke et al. (2021) provide a holistic foundation on major challenges

to stimulate future research in the field. For example, the results of the Delphi study can be
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extended to assess the maturity of organizations, e.g., by determining the extent to which

organizations seize opportunities and face challenges. Furthermore, there is still ambiguity

about the (business) value of PM. While this thesis provides some directions on the value

of PM, an in-depth scientific evaluation of the PM value concept and subsequent validation

of value assessment criteria would help research and practice to understand how PM can

create business value and enhance the current body of research. Finally, effective and

efficient implementation and adoption of PM requires establishing governance structures

to understand responsibilities, roles, and communication channels clearly.

Regarding process data quality management, the PraeclarusPDQ framework invites re-

searchers for future contributions by design. Therefore, this thesis encourages future

research to use the provided framework to add new approaches supporting process data

quality management. The approach of detecting timestamp issues and measuring the event

log quality is only a first step, but there are still many blind spots for process data quality

management. The vision is to provide an integrated approach to detect, quantify, repair,

and track process data quality issues. However, current research is heavily focused on

identifying and resolving quality issues in process data. Future research could also focus

more on guidelines and approaches for preventing and mitigating process data quality

issues to reduce the effort required for process data preprocessing in the long run.

While the aBPR approach provides some foundation for prescriptive BPI, there is still

potential to increase the level of automation of BPI and to reduce manual effort. Prescriptive

BPI concerns (semi-)automated guidance on beneficial process changes to be implemented.

However, a human is still required to implement the process changes. In addition, the

aBPR approach requires the manual collection and import of process data for process

simulations. A comprehensive end-to-end approach should integrate components to derive

the initial process models from existing process data, such as event logs or other documents.

The ultimate level of BPI is introduced as “Augmented BPM” by Dumas (2021) and

concerns adaptive BPI at runtime. Therefore, data analytics and artificial intelligence (AI)

techniques can drive the future of BPM and BPI to continuously monitor and improve

business processes based on automated decision-making and adaptation (Dumas, 2021).

Overall, I am confident that my dissertation will contribute to the current body of knowledge

and pave the way for future research on the organizational side of PM adoption and the

end-to-end execution of PM projects.
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VII.2 Individual Contribution to the Included Research Articles

This dissertation is cumulative and includes five research papers. All research papers

were written in teams with multiple co-authors. This section outlines the settings and

describes my contribution to the five papers. The descriptions follow the Contributor Roles

Taxonomy (CRediT) by Allen et al. (2019).

Research Paper P1 entitled “Opportunities and Challenges for Process Mining in Organi-

sations – Results of a Delphi Study” (Martin et al. 2021; Section VII.3) was written by

a team of ten authors. In line with my role as the second author, I held a crucial role in

most parts of the research project. I contributed significantly to the design of the research

methodology. I also took a leading role in the Delphi study’s iterative investigation and

data curation process. In addition, I was responsible for developing meaningful visualiza-

tions based on the data. In terms of writing, I was responsible for the original drafting of

individual sections and was involved in reviewing and editing the entire paper.

Research Paper P2 entitled “A Portfolio Management Method for Process Mining-enabled

Business Process Improvement Projects” (Fischer et al. 2023; Section VII.4) was written

by a team of three authors. In line with my role as the first author, I held a crucial role in

all parts and administered the research. I contributed significantly to conceptualizing the

research objectives and the design of the research methodology. I also led the iterative

investigation and validation process of a DSR project. Furthermore, I developed the

associated software prototype. In addition, I was responsible for developing meaningful

visualizations based on the data. In terms of writing, I was responsible for the original

drafting of most sections and was involved in reviewing and editing the entire paper.

Research Paper P3 entitled “PraeclarusPDQ: A Framework for Process Data Quality

Management” (Sadeghianasl et al. 2023; Section VII.5) was written by a team of ten

authors. In line with my role as the second author, I held a crucial role in most parts and
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methodology. I also led the validation of the research outputs. In terms of writing, I was

responsible for the original drafting of individual sections and was involved in reviewing

and editing the entire paper.
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was written by a team of six authors. In line with my role as the first author, I held a
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crucial role in all parts and administered the research project. I contributed significantly

to conceptualizing the overarching research objectives and the design of the research

methodology. I also led the iterative investigation and validation process of a DSR project.

Furthermore, I developed the associated software prototype. In addition, I was responsible

for developing meaningful visualizations based on the data. Regarding writing, I was

responsible for the original drafting of the entire paper and stayed involved in the review

and editing process.

Research Paper P5 entitled “An Assisted Approach to Business Process Redesign” (Fehrer

et al. 2022; Section VII.7) was written by a team of five authors. In line with my role as

the second author, I held a crucial role in most parts of the research project. I contributed

significantly to conceptualizing the overarching research aims and the design of the research

methodology. I also led the iterative investigation and validation process of a DSR project.

In terms of writing, I was responsible for the original drafting of individual sections and

was involved in reviewing and editing the entire paper.
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VII.3 Research Paper 1: Opportunities and Challenges for Process
Mining in Organisations – Results of a Delphi Study

Authors:
Niels Martin, Dominik A. Fischer, Georgi D. Kerpedzhiev, Kanika Goel, Sander J.J. Lee-

mans, Maximilian Röglinger, Wil M.P. van der Aalst, Marlon Dumas, Marcello La Rosa,

Moe T. Wynn

Published in:
Business & Information Systems Engineering 63, 511-527 (2021). DOI:

10.1007/s12599-021-00720-0

Abstract:
Process Mining is an active research domain and has been applied to understand and

improve business processes. While significant research has been conducted on the devel-

opment and improvement of algorithms, evidence on the application of Process Mining in

organisations has been far more limited. In particular, there is limited understanding of

the opportunities and challenges of using Process Mining in organisations. Such an under-

standing has the potential to guide research by highlighting barriers for Process Mining

adoption and, thus, can contribute to successful Process Mining initiatives in practice. In

this respect, this paper provides a holistic view of opportunities and challenges for Process

Mining in organisations identified in a Delphi study with 40 international experts from

academia and industry. Besides proposing a set of 30 opportunities and 32 challenges,

the paper conveys insights into the comparative relevance of individual items, as well as

differences in the perceived relevance between academics and practitioners. Therefore, the

study contributes to the future development of Process Mining, both as a research field and

regarding its application in organisations.

Keywords:
Process Mining, Opportunities, Challenges, Barriers, Delphi Study, Process Mining Adop-

tion, Process Mining Use, Business Process Management
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VII.4 Research Paper 2: A Portfolio Management Method for Process
Mining-enabled Business Process Improvement Projects

Authors:
Dominik A. Fischer, Laura Marcus, Maximilian Röglinger

Submitted to:
Outlet hidden due to the double-blind review process of the journal

Extended Abstract:
Process mining has received tremendous attention from research and industry and estab-

lished itself as an in-demand technology. While the technological maturity of process

mining solutions is considered high due to extensive research and development investments

over the past decades, organizations still face the challenge of elusive value when system-

atically adopting process mining. When establishing process mining, knowing which use

cases to start with is often difficult. From a project selection perspective, Rott and Böhm

(2022) provide a first approach to identifying suitable processes for process mining pilot

projects. From a project execution perspective, van Eck et al. (2015) provide a method-

ology for the end-to-end execution of an individual process mining project. However,

there is a lack of support beyond piloting when scaling and dealing with process mining

project portfolios. Therefore, this paper addresses the following research question: How

can organizations manage process mining project portfolios?

Based on design science research with situational method engineering, we propose a

method for managing portfolios of so-called process mining value cases, which we define

as process mining-enabled business process improvement projects (Gregor and Hevner,

2013; Ralyté et al., 2003). The overall goal of this management method is to support

organizations in determining portfolios of process mining projects that generate business

value by improving business processes. In line with design science research principles,

the method is based on justification knowledge about project portfolio management and

the business value of process mining. It is built around method requirements and three

design objectives: structured guidance, consideration of process and context factors, and

comparability of process mining value cases. The developed method consists of five

activities that outline techniques, roles, and tools: strategize, identify, select, implement,

and monitor. These activities are derived from the literature and supported by a panel of

twelve experts from research and practice involved throughout the design and evaluation
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of the method. Overall, the method is structured in a decision-support and user-guiding

manner that requires humans in the loop. The method guides the user through the actions

and decision points for each activity. A software prototype complements the method.

Overall, design science research projects should aim to design useful artifacts (Gregor and

Hevner, 2013). To achieve this goal, the evaluation of the method was designed based

on three phases according to Venable et al. (2012). During these phases, we evaluated

the applicability and real-world fidelity by involving an expert panel of academics and

practitioners. Furthermore, we substantiate the usefulness of the artifact through a real-

world case study in a naturalistic setting.

Keywords:
Process mining, Business process improvement, Project selection, Portfolio management
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VII.5 Research Paper 3: PraeclarusPDQ: A Framework for Process
Data Quality Management

Authors:
Sareh Sadeghianasl, Dominik A. Fischer, Arthur H.M. ter Hofstede, Michael Adams,

Robert Andrews, Marco Comuzzi, Jonghyeon Ko, Agnes Koschmider, Moe Thandar Wynn,

Tobias Ziolkowski

Submitted to:
Big Data Research

Extended Abstract:
After its emergence over two decades ago, process mining flourished as a discipline. There

have been many contributions to its theory, it is widely applied in practice, and mature

commercial environments support it. However, its potential for significant organizational

impact is constrained by contemporary consideration and treatment of (poor) quality of

event data. In practice, event logs tend to suffer from significant data quality problems

that need to be recognized and resolved effectively for analysis results to be meaningful.

Despite its importance, the topic of data quality in process mining has received limited

attention. The complex and rich nature of process data quality management means that

technological solutions should be able to evolve as our understanding of the field increases,

and new strategies should not require a complete overhaul of the architecture of such

solutions. However, a dedicated environment focusing on detecting, measuring, and

repairing data quality problems is a sine qua non for the next generation of process data

quality management. Therefore, this paper aims for the following research question: How

to design a reference architecture for process data quality management?

Based on DSR and guidelines for empirically based reference architectures, this paper

proposes PraeclarusPDQ, a reference architecture for process data quality management

(Gregor and Hevner, 2013; Galster and Avgeriou, 2011). The reference architecture

provides two interfaces. The first is a plugin interface, an abstraction that (currently) allows

for four types of plugins: readers, writers, patterns, and actions. The second interface is a

public-facing interface that facilitates user interaction. It also provides an API for external

applications and services. The architecture is designed to accommodate new developments

in data quality management strategies, as well as future developments in mitigation and

prevention. It is built to anticipate new methods and strategies beyond current algorithms



VII APPENDIX 52

and techniques. Therefore, the key underlying principle is abstraction and extensibility, not

only for data quality improvement but also for visualization techniques that allow analysts

to interact with data in new ways. The reference architecture has also been instantiated as

an open-source software environment aiming to galvanize the process mining community

and lead to significant future breakthroughs in the theory and practice of process data

quality management.

In line with DSR and reference architecture development principles, multiple evaluation

phases were integrated into the design and development process. The reference architecture

and associated software framework have been tested and evaluated for their applicability,

usefulness, and ease of use adopting the FEDS by Venable et al. (2016). The Praeclarus-

PDQ framework is publicly available, which can serve as a rallying point for process data

quality researchers. The framework will help them develop their research contributions in

process data quality management and make them publicly available for feedback. Based on

the open-source software approach, it is the ambition that the PraeclarusPDQ framework

will evolve into an artifact that facilitates research collaboration in process data quality

management and will become the hub for software contributions in this area.

Keywords:
Process mining, Process data quality, Event log, Process data governance
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VII.6 Research Paper 4: Towards Interactive Event Log Forensics:
Detecting and Quantifying Timestamp Imperfections in Event
Logs

Authors:
Dominik A. Fischer, Kanika Goel, Robert Andrews, Christopher G.J. van Dun,

Moe T. Wynn, Maximilian Röglinger

Published in:
Information Systems 106, 102039 (2022). DOI: 10.1016/j.is.2022.102039

Abstract:
Timestamp information recorded in event logs plays a crucial role in uncovering meaningful

insights into business process performance and behaviour via Process Mining techniques.

Inaccurate or incomplete timestamps may cause activities in a business process to be

ordered incorrectly, leading to unrepresentative process models and incorrect process

performance analyses. Thus, the quality of timestamps in an event log should be evaluated

thoroughly before the event log is used for any Process Mining activity. To the best of

our knowledge, research on the quality assessment of event logs remains scarce. Our

work presents a user-guided and semi-automated approach for detecting and quantifying

timestamp-related issues in event logs. We define 15 metrics related to timestamp quality

across two axes: four levels of abstraction (event, activity, trace, log) and four quality

dimensions (accuracy, completeness, consistency, uniqueness). The approach has been

implemented as a prototype and evaluated regarding its design specification, instantiation,

and usefulness in artificial and naturalistic settings by including experts from research and

practice. Overall, our approach paves the way for a systematic and interactive enhancement

of event log quality during the data preprocessing phase of Process Mining projects.

Keywords:
Process Mining, Event log, Data quality, Timestamps, Quality assessment
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VII.7 Research Paper 5: An Assisted Approach to Business Process
Redesign

Authors:
Tobias Fehrer, Dominik A. Fischer, Sander J.J. Leemans, Maximilian Röglinger,

Moe T. Wynn

Published in:
Decision Support Systems 156, 113749 (2022). DOI: 10.1016/j.dss.2022.11374

9

Abstract:
For many organizations, the continuous optimization of their business processes has

become a critical success factor. Several related methods exist that enable the step-by-step

redesign of business processes. However, these methods are mainly performed manually

and require both creativity and business process expertise, which is often hard to combine

in practice. To enhance the quality and effectiveness of business process redesign, this

paper presents a conceptualization of assisted business process redesign (aBPR). The

aBPR concept guides users in improving business processes based on redesign patterns.

Depending on the data at hand, the aBPR concept classifies four types of recommendations

that differ in their level of automation. Further, this paper proposes a reference architecture

that provides operational support for implementing aBPR tools. The reference architecture

has been instantiated as a prototype and evaluated regarding its applicability and usefulness

in artificial and naturalistic settings by performing an extensive real-world case study at

KUKA and interviewing experts from research and practice.

Keywords:
Business Process Redesign, Reference Architecture, User Guidance, Business Process

Management
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