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Abstract

Process mining is situated between process science and data science, with the objective
of discovering, monitoring, and improving processes. As a technique in business pro-
cess management, process mining uses event logs as input and enables building a view
of reality by making process executions tangible, facilitating the identification of bot-
tlenecks, providing new insights, and anticipating problems in business processes. The
process mining discipline has undergone a notable evolution over recent decades, both
in academic research and in practice. The development of innovative algorithms and al-
gorithmic extensions is an ongoing process, with previously unused data sources being
explored to enhance the existing body of knowledge. Traditionally, the predominant data
sources for process mining are information systems, such as enterprise resource planning
systems. However, process information can also be extracted from alternative sources
and utilized for process mining. The majority of available data is unstructured, thereby
offering a substantial opportunity to provide valuable contextual insights into business
processes. This can facilitate a more comprehensive representation and analysis of real-
world processes, as well as the reduction of blind spots, i.e., parts of processes that were
previously unable to be captured in event logs.

The overarching objective of this dissertation is to contribute to the advancement of pro-
cess mining by enabling the use of new data sources. This objective is pursued by facili-
tating the integration of sensor, video, bot, and text data, as well as providing a systematic
overview of approaches to unstructured data in process mining. In line with design sci-
ence research principles, multiple artifacts are developed that contribute to process mining
in both research and practice. This dissertation comprises five research articles addressing
three opportunities that aim to expand the scope of process mining analysis.

First, the integration of unstructured data into process mining is addressed by initial re-
search. However, a systematic overview that presents a comprehensive summary of the
approaches employed has yet to be provided. Research Article 1 addresses this opportu-
nity by providing a systematic literature review of the current state of research on the use
of unstructured data in process mining. In light of the findings, a research agenda is put
forth that identifies both open challenges and potential avenues for future research.
Second, data derived from video and sensor data could facilitate the detection of previ-
ously hidden but relevant process activities, thus enabling a more transparent process
picture. Accordingly, Research Article 2 presents a reference architecture that offers

guidance on the utilization of unstructured data sources and traditional event logs for
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object-centric process mining. Moreover, an instantiation of the proposed architecture is
provided, demonstrating the specific use of video and sensor data for object-centric pro-
cess mining. Additionally, Research Article 3 proposes a reference architecture for the
unsupervised exploration of video data. This architecture enables the extraction of actual
process activities from video data without the need for predefined activities, serving as a
starting point for process discovery.

Third, the conjunction of several emerging technologies with process mining has facili-
tated the integration of additional data sources. As the use of Robotic Process Automation
(RPA) bots becomes more prevalent in business processes, there is a need to integrate the
steps performed by bots into process mining analysis. Accordingly, Research Article 4
presents an approach that makes bot logs from RPA software usable for process mining
and develops process mining measures that analyze bot logs and process event logs in an
integrated manner. Chatbots represent a further type of bot that is deployed in scenarios
where it is essential to align with the underlying business processes and comply with reg-
ulatory requirements. Consequently, there is a need to integrate textual conversation data
from chatbots to investigate whether chatbots achieve process-compliant behavior. Re-
search Article 5 addresses this opportunity by providing an approach that converts textual
conversation data from chatbots to event logs for process mining and quantifies chatbots’
ability to learn and adhere to organizations’ business processes.

Overall, this dissertation, comprising the five research articles, contributes to the advance-
ment of process mining by enabling the use of new data sources. The conducted literature
review provides new insights to systematically advance research at the intersection of un-
structured data and process mining. The dissertation presents two artifacts that provide
guidance for incorporating video and sensor data as new data sources for process min-
ing, completed by a generic architecture on the use of unstructured data for object-centric
process mining. Finally, two artifacts that integrate data from emerging technologies are
presented. Both artifacts facilitate a more holistic process view by incorporating data

from chatbots and RPA bots as new data sources for process mining.
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| Introduction

.1 Motivation

Process mining is situated between process science and data science, with the objective
of discovering, monitoring, and improving processes (van der Aalst et al., 2012; van der
Aalst, 2016a). As a technique in Business Process Management (BPM), process min-
ing uses event logs as input and enables building a view of reality by making process
executions tangible, facilitating the identi cation of bottlenecks, providing new insights,
and anticipating problems in business processes (Dumas et al., 2018; van der Aalst et al.,
2012). The process mining discipline has undergone a notable evolution over the past
few decades. The discipline's foundational principles were established in the late 1990s
with the objective of utilizing example traces to automatically construct a Petri net (van
der Aalst, 2022). Nevertheless, the discipline has seen a signi cant expansion over time,
encompassing a much broader range of techniques and applications. These include orga-
nizational perspectives on the adoption and effective use of the technology (Martin et al.,
2021; Mamudu et al., 2022; Milani et al., 2022), predicting process executions (Kratsch
etal., 2021; Di Francescomarino and Ghidini, 2022), and recommending appropriate next
best actions (Leoni et al., 2020).

In practice, process mining has facilitated process improvements and cost savings. For
example, it has been used to reduce over 10 million manual activities associated with
order-to-cash processes at Siemens and to enhance transparency in manufacturing pro-
cesses at the BMW Group (Reinkemeyer, 2020b). The economic potential is also re-
ected in the dynamic development of the market for process mining software. Gartner
currently monitors 39 process mining platforms, including IBM, UiPath, and the market
leader Celonis (Gartner, Inc., 2024). It is projected that the global process mining market
will experience a substantial growth trajectory, increasing from $2.46 billion in 2024 to
$46.39 billion by 2032 (Fortune Business Insights, 2024). This represents a compound
annual growth rate of 44.3%.

Notwithstanding these promising prospects in practice, new and established process min-
ing techniques indicate areas for enhancement (van der Aalst, 2020). These are contin-
uously being addressed through the development of innovative algorithms (Boltenhagen
et al., 2021; Li et al., 2022) and algorithmic extensions (Li and Zelst, 2022), as demon-
strated by ongoing research in the eld. For example, object-centric process mining (van
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der Aalst, 2019; Esser and Fahland, 2021; Berti and van der Aalst, 2023) has been intro-
duced, offering a revised notation for the extraction of more realistic event logs, which
represents one of several promising avenues for the enhancement of process mining.

An ongoing challenge in the eld of process mining is the acquisition of the required
high-quality data from various potential sources (van der Aalst, 2016b). Traditionally,
the predominant data sources for process mining are information systems, such as Cus-
tomer Relationship Management (CRM) systems or Enterprise Resource Planning (ERP)
systems (Diba et al., 2020; van der Aalst, 2016b). These systems provide data that is
either already captured in a process-centric format or can be made process mining-ready
through preprocessing. Furthermore, process information can be extracted from alterna-
tive sources and utilized for process mining (Reinkemeyer, 2020a; van der Aalst, 2016b).

The majority of available data is unstructured (Gandomi and Haider, 2015), and it is an-
ticipated that this proportion will continue to grow (Balducci and Marinova, 2018). Nev-
ertheless, despite the availability of these sources, they are often not used for process min-
ing analysis, and current studies mainly focus on traditional structured data sources (Diba
et al., 2020; Janiesch et al., 2020). Using unstructured data sources in process mining,
however, presents a signi cant opportunity to provide valuable contextual insights into
business processes (Beverungen et al., 2021; Koschmider et al., 2023). Furthermore,
unstructured data can assist in more comprehensive representation and analysis of real-
world processes (Grisold et al., 2021), as well as in the reduction of blind spots, i.e., parts
of processes that previously were not captured in event logs (Kratsch et al., 2022). It
is, therefore, unsurprising that in a recent Delphi study, all academic experts voted that
the exploration of non-process-related and unstructured data should be designated as a
priority within the eld of BPM (Kerpedzhiev et al., 2021).

As a result, preliminary research has commenced utilizing unstructured data for process
mining, such as textual data (Banziger et al., 2018; Nakayama et al., 2018; Jlailaty et
al., 2017), sensor data (van Eck et al., 2016; Leotta et al., 2020), or image and video
data (Kratsch et al., 2022; Knoch et al., 2020). Other research has sought to enhance pro-
cess mining with emerging technologies, such as Robotic Process Automation (RPA) (El-
Gharib and Amyot, 2023; Leno et al., 2021), which aims to automate simple and repetitive
tasks through the use of bots (van der Aalst et al., 2018; Aguirre and Rodriguez, 2017).
These trends also facilitate the potential exploitation of hitherto untapped data sources
for process mining. Figure 1 illustrates how traditional data sources in process mining,



such as CRM, BPM, or ERP systems, can be complemented with new data sources that
have not previously been utilized for process mining analysis. These include, but are not
limited to, sensor, video, bot, or text data. While there are numerous untapped opportuni-
ties associated with acquiring the necessary data for process mining, this dissertation will
address three primary opportunities, which are outlined in the following.

Figure 1: Overview of new data sources for process mining in this dissertation

The extant studies that have employed unstructured data in process mining have demon-
strated the potential value of such data for process mining applications. These studies
are frequently tailored to a speci c application scenario, utilize only particular data types,
and focus on speci ¢ process mining activities (e.g., Khowaja et al. (2020), Gupta et al.
(2020), and Knoch et al. (2020)). Currently, there is a lack of an overview that summarizes
the approaches that integrate unstructured data into process mining, which hinders sys-
tematic progress in this eld. A structured review of the existing literature on unstructured
data in process mining would assist researchers and practitioners in identifying research
gaps and enabling the design of new studies. This opportunity could reveal, for example,
the extent to which speci c data types, such as sensor, video, or text data, are already
utilized in the existing literature or which process mining activities, such as discovery,
prediction, and recommendation, have already been covered. Furthermore, a comprehen-
sive summary of the open challenges and potential avenues for advancing future research
would provide valuable guidance for other researchers in formulating relevant research
questions.
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The integration of a particular data type, such as textual, sensory, or video data, into a
process mining analysis is contingent upon the speci ¢ process scenario. In some cases,
the inclusion of one or more of these data types may offer more substantial advantages
than others. For instance, the extraction of meaningful process information from textual
data may prove advantageous in contexts where a considerable volume of emails are uti-
lized (Elleuch et al., 2020; Jlailaty et al., 2017). Nevertheless, this approach may be less
effective in scenarios involving manual process activities. In particular, data derived from
video and sensors could prove bene cial in such scenarios. Sensors can be installed, in-
corporating the gathered data into process mining analysis (Hemmer et al., 2021), or, in
compliance with privacy aspects (Elkoumy et al., 2022), video cameras could be used in
areas where textual data is not available, extracting relevant context information. This
would enable the detection of previously hidden but relevant process activities, thus fa-
cilitating transparent process discovery. In the processing of video data, techniques for
object tracking and activity recognition may be employed for the identi cation and track-
ing of speci c objects and activities (Wu et al., 2013; Aggarwal and Ryoo, 2011). This
offers opportunities as a potential t for object-centric process mining, which enables

a more exible representation of process-related data using objects and events (van der
Aalst, 2019). Notwithstanding the potential advantages of utilizing sensor and video data,
research in the eld of process mining that addresses these data types is relatively limited,
mainly focusing on speci c use cases (e.g., Kratsch et al. (2022), Knoch et al. (2018),
and Hemmer et al. (2021)). This offers opportunities for research that generically lever-
ages video and sensor data for process mining, enabling researchers and practitioners to
systematically use these data types to enhance process understanding.

In addition to incorporating unstructured data sources, such as video or sensor data, into
process mining analysis, the advent of several technologies has facilitated the integration
of additional data sources. RPA is one such technology using software bots to auto-
mate processes (El-Gharib and Amyot, 2023; Leno et al., 2021). As the Gartner report
shows (Gartner, Inc., 2024), the RPA vendor UiPath has entered the process mining mar-
ket, and process mining vendors, such as Celonis, have incorporated RPA functionality
into their software (Geyer-Klingeberg et al., 2018; Celonis, 2024b). Moreover, research
on RPA and process mining are becoming increasingly integrated (Leno et al., 2021; EI-
Gharib and Amyot, 2023), with a primary focus on the initial stages of RPA projects.
This integration presents a promising avenue for further research. As bots become more
prevalent in business processes, there is a need to integrate the actions performed by



bots into process mining analysis to gain a comprehensive understanding of the underly-
ing processes. The advent of new technologies is giving rise to a new category of bots,
enabled by advances in Natural Language Processing (NLP). Chatbots, exempli ed by
ChatGPT (OpenAl, 2022), represent one such emerging category. Chatbots can be de-
ployed in the business-to-consumer domain, for example, in customer service (Poddar
et al., 2009), and in such scenarios, they must adhere to organizational or regulatory re-
quirements (Gunson et al., 2011). Consequently, the implementation of chatbots within
an organizational context is contingent upon the underlying model's capacity to learn
and align with the speci ¢ business processes. To investigate whether chatbots achieve
process-compliant behavior, approaches are needed that enable the use of textual con-
versation data from chatbots for process mining. Incorporating steps executed by chat-
bots at the interface between customers and business processes (Pallotta and Delmonte,
2013) into process mining could facilitate a more holistic view of business processes, ul-
timately enhancing process analysis and enhancement. Accordingly, integrating chatbot
data presents novel opportunities for process mining.

.2 Research Objectives

In light of the identi ed opportunities and research needs, this dissertation seeks to make
contributions in three key areas. First, initial research has been conducted on unstructured
data in process mining. However, a systematic overview that presents a comprehensive
summary of the approaches employed has yet to be provided. Such an overview would
facilitate progress in the systematic exploration of this promising area. To address this
opportunity, this dissertation provides a systematic literature review of the current state
of research on the use of unstructured data in process mining. In light of the ndings, a
research agenda is put forth that identi es both open challenges and potential avenues for
future research.

Second, data derived from video and sensor data could facilitate the detection of previ-
ously hidden but relevant process activities, thus enabling a more transparent process pic-
ture. The paucity of research in this area presents opportunities for further investigation,
such as leveraging video and sensor data for object-centric process mining. Therefore,
this dissertation presents a reference architecture that provides guidance on the utilization
of unstructured data sources and traditional event logs for object-centric process mining.
Speci cally contributing to the integration of video and sensor data into process mining,
an instantiation of the proposed architecture is provided that demonstrates the use of these
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two data types for object-centric process mining. As a further contribution, this disser-

tation proposes a reference architecture for the unsupervised exploration of video data.
This architecture enables the extraction of actual process activities from video data with-
out the need for prede ned activities and serves as a starting point for process discovery.
In summary, the two contributions provide a means of utilizing video and sensor data as
new data sources for process mining, facilitating a more comprehensive process picture.

Third, the conjunction of several emerging technologies with process mining has facili-
tated the integration of additional data sources. As the use of RPA bots becomes more
prevalent in business processes, there is a need to integrate the steps performed by bots
into process mining analysis. Accordingly, this dissertation presents an approach that
makes bot logs from RPA software usable for process mining and develops process min-
ing measures that analyze bot logs and process event logs in an integrated manner. Chat-
bots represent a further type of bots that are deployed in scenarios where it is essential to
align with the underlying business processes and to comply with regulatory requirements.
Consequently, there is a need to integrate textual conversation data from chatbots to inves-
tigate whether chatbots achieve process-compliant behavior. This dissertation addresses
this opportunity by providing an approach that converts textual conversation data from
chatbots to event logs for process mining and quanti es chatbots' ability to learn and ad-
here to organizations' business processes. In conclusion, the two contributions leverage
the use of bot and text data as new data sources for process mining.

The overarching objective of this dissertation is to contribute to the advancement of pro-
cess mining by enabling the use of new data sources. This objective is pursued by facili-
tating the integration of sensor, video, bot, and text data, as well as providing a systematic
overview of approaches to unstructured data in process mining. Accordingly, multiple
artifacts are developed in line with the Design Science Research (DSR) principles as set
out by Gregor and Hevner (2013) and Peffers et al. (2007). In sum, the ndings of this
dissertation contribute to the eld of process mining in both research and practice.

1.3 Structure of the Thesis and Embedding of the Research Articles

This dissertation is comprised of ve research articles that address the identi ed oppor-
tunities and research objectives. Figure 2 illustrates the focus of the individual contribu-
tions. Research Article 1 provides an overview of current research on unstructured data
in process mining. Research Article 2 facilitates the use of sensor and video data for



object-centric process mining, whereas Research Article 3 concentrates on the unsuper-
vised exploration of video data. Research Articles 4 and 5 present two contributions to the
incorporation of data from emerging technologies into process mining. While Research
Article 4 integrates data from RPA bots, Research Article 5 enables the use of textual
conversation data from chatbots for process mining.

Figure 2: Focus and embedding of the ve Research Articles (RA1 — RA5) in this dissertation

The structure of this dissertation and the embedding of the ve research articles are pre-
sented in Table 1. Section | motivated the research and de ned the research objectives
of this dissertation. Section Il (including Research Article 1) presents an overview of
unstructured data in process mining and identi es research opportunities. Thereby, Re-
search Article 1 provides a systematic literature review with a focus on technical process
mining artifacts that enable (semi-)automated consideration of unstructured data. Out of
1,379 identi ed research items, 24 primary studies were selected and analyzed. Based on
the results, a research agenda is presented that summarizes challenges and opportunities
for future research.

Section 1l (including Research Articles 2 and 3) is concerned with the integration of
video and sensor data as new data sources for process mining. Research Article 2 pro-
poses a reference architecture that provides guidance on the integrated use of unstructured
data sources and traditional event logs for object-centric process mining. To demonstrate
the application of the reference architecture, a particular instantiation is presented that
Is speci cally tailored to the utilization of video and sensor data. Multiple evaluation
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episodes were conducted to validate the research, including a competing artifacts analy-
sis, two rounds of expert interviews, the implementation of a software prototype with a
graphical user interface, and the use of the prototype on a real-world dataset. Research Ar-
ticle 3 introduces a reference architecture that facilitates the extraction of actual process
information from video data through the integration of computer vision and clustering
capabilities. A multitude of evaluation activities have been conducted, including a pro-
totypical instantiation of the reference architecture tested against a real-world dataset, a
competing artifacts analysis, and interviews with experts from industry and research. The
two articles provide guidance for incorporating video and sensor data as new data sources
for process mining, completed by a generic architecture on the use of unstructured data
for object-centric process mining.

Table 1: Structure of this dissertation and embedding of the ve research articles (RA1 — RAS)

I Introduction

I Overview and Opportunities of Unstructured Data in Process Mining

RA1 Unstructured Data in Process Mining: A Systematic Literature Review
Konig F, Egger A, Kratsch W, Rdglinger M, Wérdehoff N

1] Video and Sensor Data
RA2 Re ning the Process Picture: Unstructured Data in Object-Centric Process Mining
Egger A, Fehrer T, Kratsch W, Woérdehoff N, Kénig F, Réglinger M

RA3 Beyond Assumptions: A Reference Architecture to Enable Unsupervised Process Dis-
covery from Video Data
Wordehoff N, Egger A, Kratsch W, Konig F, Rdglinger M

v Bot and Text Data

RA4 Bot Log Mining: An Approach to the Integrated Analysis of Robotic Process Automa-
tion and Process Mining
Egger A, ter Hofstede AHM, Kratsch W, Leemans SJJ, Réglinger M, Wynn MT

RA5 Quantifying Chatbots' Ability to Learn Business Processes
Kecht C, Egger A, Kratsch W, Rdglinger M

V Conclusion

VI References

VIi Appendix

Section IV (including Research Articles 4 and 5) recognizes the importance of integrating
emerging technologies into process mining, thus enabling the inclusion of bot and text
data as new data sources for process mining. Research Article 4 proposes an approach that
integrates RPA with process mining. Thereby, a conceptual data model is developed that
describes the relations between bots and business processes. Moreover, an approach is



presented that makes bot logs usable for process mining, and 12 integrated process mining
measures are developed that consider bots as integral components of business processes.
Various evaluation activities were conducted, including two rounds of interviews with
experts and the implementation and testing of a software prototype with both real-world
and arti cial data. Research Atrticle 5 introduces an approach that derives topics and
process activities from textual customer service conversations with the goal of quantifying
chatbots' ability to learn and adhere to organizations' business processes. To evaluate the
approach, several evaluation activities were conducted, including a competing artifact
analysis, the development of a prototype, and an assessment of its applicability to real-
world data.

Section V summarizes the dissertation, provides limitations, and suggests avenues for
future research. Section VI comprises the list of references. Section VII includes an
index of the research articles, lists my contributions to the research articles, and provides
the abstracts of the research articles.
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Il Overview and Opportunities of Unstructured Data in
Process Mining

As outlined in Section I, integrating unstructured data into process mining holds signif-
icant potential to generate valuable context-related insights for BPM (Beverungen et al.,
2021; Koschmider et al., 2023) and can help to analyze real-world processes more com-
prehensively (Grisold et al., 2021). The bene ts of unstructured data for speci ¢ process
mining use cases are demonstrated by initial research on text data (Teinemaa et al., 2016),
sensor data (Leotta et al., 2020), and image and video data (Knoch et al., 2018; Kratsch
et al., 2022; Lepsien et al., 2023). As these studies are often tailored to a speci c ap-
plication scenario, generic approaches to integrate unstructured data into process mining
are still needed. However, the lack of an overview of the usage of unstructured data in
process mining hinders systematic progress in this research area. Against this backdrop,
Research Article 1 seeks to ascertain the extent to which unstructured data are incorpo-
rated into process mining, to structure the current literature, and to present a research
agenda. Therefore, the following research questions are addressed:

RQ1 Which types of unstructured data are used in process mining?
RQ2 How are unstructured data leveraged for different process mining use cases?

RQ3 What are the open challenges and areas for improvement?

To answer these research questions, in Research Article 1, a systematic literature re-
view (Kitchenham and Charters, 2007) was conducted. Thereby, the focus lies on tech-
nical process mining artifacts that enable (semi-)automated consideration of unstructured
data. From 1,379 research items, 24 primary studies have been selected and reviewed. In
light of these ndings, a research agenda is proposed that highlights open challenges and
potential opportunities for future research.

Following the steps recommended by Kitchenham and Charters (2007), rst, a review
protocol was developed for the literature review. In order to ensure the identi cation of
as many potentially relevant research items as possible (Hiebl, 2023), a purely database-
driven approach was selected, encompassing seven prominent databases within the do-
mains of information systems and computer science. Additionally, in an iterative ap-
proach, the nal search phrase was developed, encompassing combinations and different
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spellings of the terms "process mining”, "unstructured data", "heterogeneous data", as
well as the term "information” instead of "data". The initial search resulted in 1,379 re-
search items. In the next step, multiple study selection criteria were de ned, which two
co-authors applied to identify relevant research items. Following a deductive data extrac-
tion approach (Bandara et al., 2015) and using a developed coding scheme (Kitchenham
and Charters, 2007), the nal 24 studies were analyzed by the same two co-authors. Ta-
ble 2 presents for each of the nal studies the respective goal and the types of unstructured

data used.

Table 2: Summary of the 24 research items included in the nal sample. Note: unstructured data can be

text (T), audio (A), image (1), video (V), simple sensor (SiS), and complex sensor (CoS)

No.| Paper Goal Type of data
T|All]| V] SiS| CoS

1 Li et al | Improve task identi cation and event log extractionx
(2015) by leveraging text documents

2 Banziger et| Discover processes from CRM data by incorporating
al. (2018) related text data

3 | Weerdt et al.| Discover incident management processes by combix-
(2012) ing text data with trace clustering

4 | Gupta et al.| Discoverincident management processes through the
(2020) extraction of key phrases from textual attributes|to

enrich event logs

5 | Zhu et al.| Identify activities in software development logs X
(2019)

6 Jlailaty et al.| Identify process activities in emails X
(2017)

7 Elleuch Identify multiple process activities in emails X
et al. (2020)

8 Chambers et Discover processes from textual data X
al. (2020)

9 Holstrup et| Discover knowledge-sharing processes based| &n
al. (2020) text-based conversations

10 | Tang et al.| Identify and extract activities from text data to upx
(2021) cover bottlenecks

11 | Kecht et al.| Discover processes based on text conversations | x
(2021)
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Table 2: Summary of the 24 Research Items Included in the Final Sample. Note: unstructured data can be

text (T), audio (A), image (1), video (V), simple sensor (SiS), and complex sensor (CoS)

No.| Paper Goal Type of data
T|A| 1| V]| SiS| CoS
12 | Holz et al.| Discover processes from case worker reports in|the
(2021) personal services domain
13 | Epure et al.| Discover processes from text reports X
(2015)
14 | Chiudinelli Discover patient care ows by extracting frequeni
et al. (2020) | event patterns for breast cancer patients
15 | Kecht et al.| Quantify the ability of chatbots to learn and complyx
(2023) with rules in business processes
16 | Folino et al.| Predict the x-time for incident tickets in incident x
(2015) management systems
17 | Teinemaa efl Leverage text data and structured data for predictive
al. (2016) process mining
18 | Ronzani Predict the success of home hospitalization by mag-
etal. (2022) | ping textual diagnoses to ICD-9-CM codes
19 | Jimenez- Discover process models by leveraging event extrac- X X
Ramirez tion on screen-mouse-key-logging to support the ini-
etal. (2019) | tial phases of RPA projects
20 | Kratsch Extract structured process information from unstruc- X
etal. (2022) | tured video data
21 | Knoch et al.| Extract worker activities in manufacturing scenarips X X
(2018)
22 | Khowaja et| Discover high-level activities from low-level sensor X
al. (2020) measurements building on behavior patterns of other
users
23 | Leotta et al.| Discover processes by transforming sensor measure- X
(2020) ments from smart environments into higher-level ac-
tivities
24 | Hemmer et| Detect misbehaviors in the context of the internet of X X
al. (2021) things
180/ 1(2|3 |3
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Regarding the publication timeline of relevant research at the intersection of unstructured
data and process mining, until 2013, publications increased slowly but steadily. Never-
theless, from 2013 to 2022, the annual research output increased by more than fourfold,
indicating a more rapid growth than that observed in the eld of process mining research
in general (van der Aalst, 2020). This is possibly due to the increasing maturity and adop-
tion of process mining research (see, e.g., the process mining manifesto (van der Aalst
et al., 2012)) as well as the enhanced processing capabilities for unstructured data, made
possible by advances in data science and arti cial intelligence.

As Table 2 shows and addressing RQ1, 75% of the 24 studies deal with unstructured text
data, three studies with data from simple sensors (such as passive infrared sensors, tem-
perature sensors, and mouse and keyboard), three with complex sensors (such as engine
rotation sensors, ultrasonic sensors, and gyroscope sensors), two with video data, and only
one with image data. The literature search revealed no research items with a focus on au-
dio data, suggesting untapped potential. Furthermore, no other types of unstructured data
emerged that have not already been considered in the literature. While half of the studies
exclusively process unstructured data, the other half presents artifacts that combine struc-
tured and unstructured data. Two studies combine different unstructured data types, while
the other 22 studies have a unidimensional focus on one type of unstructured data.

Figure 3: Overview of process mining activities. Note: none or multiple activities can apply per study

To address RQ2, the 24 selected studies were categorized along the ten process mining ac-
tivities of the re ned process mining framework by van der Aalst (2016d). Figure 3 shows
the distribution of the ten process mining activities. A majority of 17 studies are associ-
ated with the cartography category, with process discovery as the leading activity (67%).
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The number of studies in the auditing and navigation categories is equal, with three stud-
les (13%) in each category. One study from the auditing category and three studies from
the navigation category provide forward-looking operational support for process mining.
The exploration of running process instances for human stakeholders and the recommen-
dation of the next best actions are not mentioned in any study, highlighting the purely
technical nature of the artifacts presented. Moreover, several studies at the intersection of
unstructured data and process mining do not target a speci ¢ process mining activity but
instead aim to identify relevant process activities and extract appropriate event logs for
subsequent analysis.

To answer RQ3, a research agenda is proposed based on the previous results, featuring
seven opportunities that help advance research at the intersection of process mining and
unstructured data. As discussed, most identi ed studies are associated with process dis-
covery and deal with unstructured text data. Therefore, Opportunigxfieding the

scope beyond event log extraction for process disco\arg Opportunity 2 Extending

the scope beyond text dateall for research that goes beyond these scopes. Since most
studies focus on a single type of unstructured data in an isolated manner, Opportunity
3 (Combining structured and different types of unstructured Yexpresses the need to
devise approaches that extract relevant contextual attributes from multiple unstructured
data sources and combine them with structured data. Opportun@pdsplidating ex-

isting research to build integrative artifagtlighlights that generic artifacts that provide
holistic solutions to a speci ¢ process mining challenge independent of a particular use
case or application scenario are needed (e.qg., reference architectures). Analyzing the
identi ed studies in the literature review showed that there is a lack of publicly available
process-oriented benchmark datasets. This is one reason why progress at the intersection
of unstructured data and process mining cannot be reliably determined. Thus, Opportunity
5 (Providing process-oriented and open-access benchmark datasdits for providing

such datasets to increase the transparency of research results and facilitate the extension of
previous research. The analysis also revealed a research gap for process mining activities
that typically require human judgment (e.g., enhance, promote, and explore). This need
Is expressed in Opportunity &¢counting for the human in the lopince unstructured

data has multifaceted meanings, it may also contain personal information that is protected
by regulations. Therefore, Opportunity Cdnsidering privacy aspegtemphasizes the

need to address privacy concerns to enable the integration of novel solutions into everyday
business applications.
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In summary, Research Article 1 presents a systematic literature review in which 24 pri-
mary studies were selected and analyzed from a total of 1,379 research items addressing
the intersection of unstructured data and process mining. One of the main ndings is
that current research predominantly deals with textual data and concentrates on extracting
event logs for process discovery. The study thus contributes to existing process mining
knowledge and the use of unstructured data in process mining. Furthermore, Research
Article 1 proposes a research agenda that includes seven opportunities to address the re-
search gaps identi ed in the analysis of the selected studies. This paves the way for future
process mining research incorporating new data sources.
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Il Video and Sensor Data

As outlined in Section Il there are several research opportunities when dealing with un-
structured data in process mining, such as extending the scope beyond text data and ac-
counting for the human in the loop. The literature review revealed that the identi ed stud-
ies focus primarily on text data and only a few on video, image, and sensor data. Seizing
these opportunities and following the overall goal of this dissertation, i.e., enabling the
use of new data sources for process mining, the following two studies integrate video and
sensor data into process mining. Research Article 2 (Section Ill.1) presents a reference ar-
chitecture that gives guidance in using unstructured data sources and traditional event logs
for object-centric process mining. Thereby, an instantiation of the architecture is provided
that enables the use of video and sensor data for object-centric process mining. Research
Article 3 (Section I11.2) proposes a reference architecture that enables the extraction of
actual process activities from video data without having prede ned these activities. This
provides an initial basis for unsupervised exploration of video data and serves as a starting
point for process discovery.

1.1 Video and Sensor Data in Object-Centric Process Mining

Traditional process mining techniques are based on at event data, where each event is as-
sociated with one case (i.e., with one process instance) (van der Aalst et al., 2012; van der
Aalst, 2016d). However, in real-life processes, objects interact with one another, which
can be interpreted as events involving different objects that depend on each other. To ad-
dress this, a recent development in process mining research has introduced object-centric
process mining (van der Aalst, 2019; Esser and Fahland, 2021), which allows events to
be related to one or many objects, enabling a more comprehensive view of processes.
Object-centric process mining and the use of unstructured data in process mining both
aim to provide a more holistic picture of processes, and a highly structured yet restricted
view of objects and their process relations can be well enriched with unstructured data.
Consequently, combining the two research streams has the potential to reveal hitherto
unidenti ed process information and thus create new insights. In the literature, there are
approaches that incorporate the object-centric perspective, enrich traditional process data,
or use unstructured data in process mining. Nevertheless, to my knowledge, no single ap-
proach is capable of addressing all points simultaneously, and no guidance is provided for
incorporating the object-centric perspective to enrich structured process data with multi-
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ple unstructured data sources. Therefore, Research Article 2 investigates the following
research questiotiow can unstructured data be combined with structured event logs for
object-centric process mining?

To address this research question, Research Article 2 proposes the Object-Centric Ref-
erence Architecture for Unstructured Data in process mining (OCRAUD) that guides the
integrated use of unstructured data sources and traditional event logs for object-centric
process mining. In addition, to demonstrate the use of the reference architecture, the
Object-centric Video and Sensor Architecture (OVaSA) is provided, a speci ¢ instanti-
ation of the OCRAUD that is tailored to using video and sensor data with event logs.
The research is structured along the DSR paradigm by Gregor and Hevner (2013) and
DSR reference process by Peffers et al. (2007). Furthermore, the methodology outlined
by Galster and Avgeriou (2011) is integrated as a specialized method for the development
of reference architectures. The artifact builds on four Design Objectives (DOs) derived
from the literature, and multiple evaluation episodes are carried out (Venable et al., 2016).

The OCRAUD is shown as Uni ed Modeling Language (UML) diagram in Figure 4. It
serves as a blueprint and can be instantiated for different use cases with unstructured data
in process mining. Therefore, instantiation variants are represented by optional compo-
nents (dotted frames) and modular unstructured data processor subsystems for different
data sources. The OCRAUD includes several main subsystems, i.Brpttess Log Pro-
cessoyanUnstructured Data Processqer unstructured data source, and@@€EL Gen-

erator. The OCRAUD can be summarized as follows: A traditional structured process log
can be loaded, preprocessed, and, if necessary, converted to the OCEL 2.0 format (Berti et
al., 2024) before events and objects are extracted from it. Additionally, different unstruc-
tured data sources can be loaded and preprocessed before objects are extracted. Thereby,
already known objects, e.g., from the process log, can be correlated. After objects are
labeled, events can be extracted. At various points, regarding both the structured process
log and the unstructured data, domain knowledge can be used as input if necessary. Af-
ter all data sources are processed, the collected events can be correlated, and nally, the
collection of objects and events is exported. The output of the OCRAUD is a valid OCEL
2.0 log that can be used for various process mining applications.

The evaluation strategy applied in Research Article 2 adheres to Venable et al. (2016),
comprising multiple evaluation episodes to validate the research across various crite-
ria, including completeness, feasibility, applicability, and usefulness. The evaluation
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Figure 4: The OCRAUD (optional components have dotted frames)

episodes include comparing the OCRAUD to competing artifacts and conducting 10 in-
terviews with industry and research experts, all with a background in process mining. To
demonstrate the use of the artifact, the OVaSA is provided, a speci ¢ instantiation of the
OCRAUD that is tailored to using video and sensor data with event logs. Moreover, a
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software prototypé, including a graphical user interface, has been implemented based
on it, facilitating the utilization and further development of the implemented algorithms.
Figure 5 shows the object labeling step in the software prototype. In addition, a second
round of interviews was conducted with the 10 experts, and the prototype has been applied
to a real-world dataset (Fehrer et al., 2024; Chvirova et al., 2024).

Figure 5: Screenshot of the software prototype for object-centric video and sensor mining

Research Article 2 contributes to prescriptive knowledge in process mining by giving
guidance in incorporating additional unstructured data sources into event logs from in-
formation systems for object-centric process mining. It extends the existing knowledge
in process mining by closing the identi ed research gaps, i.e., it incorporates the object-
centric representation of event data, combines different unstructured data sources, and
combines the unstructured data sources with event logs. The OVaSA demonstrates how to
use the OCRAUD for incorporating video and sensor data as new data sources for process
mining. Researchers and practitioners can extend this by instantiating new architectures
for other data types or speci c use cases. The code of the software prototype is made
publicly available, facilitating the utilization and further development of the implemented
algorithms.

1The source code is publicly available hehgtps://github.com/550e8400e29b41d4a71
6446655440000/0bject-centric-video-sensor-mining
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l11.2 Process Discovery from Video Data

While Research Article 2 in Section Ill.1 gives general guidance in using unstructured
data sources for object-centric process mining and provides an instantiation for video
and sensor data, Research Article 3 focuses speci cally on video data and how to extract
actual process activities from it for process discovery.

The use of video data for process mining can be particularly helpful in obtaining informa-
tion about blind spots, i.e., process parts that cannot be fully captured in information sys-
tems (Kratsch et al., 2022). Despite recent developments in computer vision, approaches
that use video data for process mining are sparse and tend to be tailored for speci c use
cases (Abbad Andaloussi et al., 2021; Knoch et al., 2019; Knoch et al., 2020; Zhou et al.,
2024). A major challenge in extracting process mining activities from video data is the
need to de ne potentially relevant activities in advance before they can be extracted into
event logs. Only assumed process behavior can be identi ed from the video data instead
of the actual process behavior since the set of potentially relevant activities is typically
de ned based on process models or by process experts. Therefore, deviations in pro-
cess behavior, which may occur due to changes in the process environment, cannot be
detected. This remains a challenge, as the identi cation of process deviations and new
process steps is embedded within the core of process mining (van der Aalst et al., 2012).
To my knowledge, there are no video-based approaches that manage to derive BPM rele-
vant events from video data without de ning a set of potentially relevant activities. This
shows a need for extraction methods that can process video data in a completely unsu-
pervised manner to identify actual processes instead of assumed ones based solely on
the information contained in the video data. This would enable the detection of previ-
ously hidden but relevant process activities and thus enable transparent process discovery.
Hence, Research Article 3 poses the following research questmm:can actual process
activities be derived from video data as part of process discovery?

To answer this research question, Research Article 3 introduces the Reference Architec-
ture for Video Event Extraction (RAVEE), a reference architecture that supports extract-
ing actual process information from unstructured video data. The RAVEE facilitates the
unsupervised extraction of process steps by integrating various computer vision and clus-
tering capabilities. The research approach is structured following the DSR paradigm and
reference process (Gregor and Hevner, 2013; Peffers et al., 2007) and the six steps for the
construction of empirically grounded reference architectures, proposed by Galster and
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Avgeriou (2011). In developing the reference architecture, ve DOs are de ned based
on the literature, serving as requirements for the artifact. Moreover, several evaluation
activities (Sonnenberg and vom Brocke, 2012a) are completed, including a prototypical
instantiation of the reference architecture.

Figure 6 illustrates the RAVEE as UML diagram, which enables the identi cation of ac-
tual process activities as opposed to assumed ones by performing the identi cation of
individual process steps in an unsupervised manner. Building on Kratsch et al. (2022),
the RAVEE comprises the subsystem layBrata PreprocessqriFeature Extractoy In-
formation Extractor andEvent ProcessorThe RAVEE includes different instantiation
variants (Galster and Avgeriou, 2011) to enable explorative, data-driven process mining
using computer vision in various application areas. To ensure it can be adapted to speci c
process mining use cases, it comprises a set of optional components represented by the
dotted frames.

Initially, the Data Preprocessolayer creates an interface between raw video data and the
following subsystems. Theeature Extractoreceives the preprocessed frame batch and
extracts the required video features to gain a representation of the video reduced to the rel-
evant information. Thereby, tieeature Generatocomprises up to ve sub-components,
which can be combined for speci ¢ use cases in such a way that the best possible video
frame representation for the selected approach is generated. The need for different video
frame representations is based on the fact that the action segmentation step performed in
theInformation Extractorsubsystem can be supported by various algorithms with differ-
ent input needs. Thimformation Extractodayer obtains the previously computed video
frame representations and generates a frame-based clustering of the individual process
steps. Subsequently, activity labels are assigned to the individual process steps, realized
by the two processing loops in the subsystem, both of which receive relevant process in-
formation from a human-in-the-loop instance. In the blue loop, a dictionary with activity
labels is created based on the individual process steps and contextual process information.
The green loop, in turn, uses this dictionary to train a supervised approach for automated
recognition of the process steps. The output of this layer can be fed intevtdre Pro-
cessorsubsystem layer. This subsystem converts the received information into a format
suitable for an event log. It creates the respective event log that can be used for further
process mining applications.
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Figure 6: The RAVEE as UML diagram

The research process involved several evaluation activities in line with Sonnenberg and
vom Brocke (2012a) to ensure that the artifact addresses the research problem. A com-
peting artifacts analysis compared the RAVEE against related work and assessed their
compliance with the de ned DOs. Furthermore, 10 semi-structured interviews with ex-

perts from industry and research were conducted, addressing several evaluation criteria,
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such as understandability, completeness, and real-world delity. In a subsequent ex-post
evaluation, parts of the reference architecture were instantiated in the form of a soft-
ware prototypé and tested against a publicly available real-world dataset (Ben-Shabat
et al., 2021). Thereby, the prototype demonstrated the real-world delity of the artifact
by generating an event log from unstructured video data containing an assembly process
performed by different actors in front of various backgrounds. The results indicate that
the RAVEE can extract a high degree of process-relevant activities.

Research Article 3 extends existing knowledge by providing a reference architecture that
enables the data-based, unsupervised extraction of actual process activities from unstruc-
tured video data for process mining. This enables evidence-based decision support using
video data without having to rely on assumed activities and, therefore, provides holistic
insights into underlying processes. The reference architecture includes several variation
points, serving as a basis for further approaches and application-speci ¢ design variants.
Moreover, by providing a software prototype, which has been tested as part of the eval-
uation activities, an end-to-end example is provided on how to instantiate the reference
architecture, thus reducing the barrier of entry for creating further artifacts.

To summarize, Section Il presented two contributions to video and sensor data in process
mining. Research Article 2 rst introduced a reference architecture that guides the use
of unstructured data sources with traditional event logs for object-centric process mining.
Moreover, an instantiation was provided that enables the use of video and sensor data
for object-centric process mining. Research Article 3 focused speci cally on video data,
proposing a reference architecture that enables the unsupervised extraction of actual pro-
cess activities from video data as a starting point for process discovery. Combining both
contributions, guidance is provided for incorporating video and sensor data as new data
sources for process mining, completed by a generic architecture on the use of unstructured
data for object-centric process mining.

2The source code is publicly available hengtps://github.com/RAVEE-PM/RAVEE
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IV Bot and Text Data

The literature review and analysis in Section Il revealed opportunities to integrate hith-
erto unused unstructured data sources into process mining analysis. Section Ill seizes
these opportunities and presents two contributions that enable the use of video and sen-
sor data for process mining and give guidance in using unstructured data sources with
traditional event logs for object-centric process mining. Nevertheless, in addition to the
identi ed unstructured data sources, there are several emerging technologies that provide
further opportunities for new data sources in process mining. RPA is one such technology
aiming to automate simple and repetitive tasks (van der Aalst et al., 2018; Aguirre and
Rodriguez, 2017), and RPA bots are increasingly becoming part of business processes.
Therefore, recorded logs of steps executed by RPA bots could be a valuable new data
source for process mining to get a comprehensive overview of RPA-enabled business pro-
cesses. Research Article 4 (Section 1V.1) thus presents an approach that makes bot logs
from RPA software usable for process mining and develops process mining measures that
analyze bot logs and process event logs in an integrated way.

Another type of bots emerging due to advances in NLP are chatbots, such as Chat-
GPT (OpenAl, 2022). Chatbots can be applied in digital communication channels in
customer service (Poddar et al., 2009) and are already in use by the public sector (An-
droutsopoulou et al., 2019) and various well-known companies (Fglstad and Brandtzaeg,
2017; Simon, 2019; Ukpabi et al., 2019). To successfully deploy chatbots in the business-
to-consumer domain, they need to comply with organizational or regulatory require-
ments (Gunson et al., 2011), thus, the adoption of chatbots depends on the underlying
model's capability to learn and comply with organizations' business processes. Therefore,
Research Article 5 (Section 1V.2) introduces an approach that converts textual customer
conversations to event logs for process mining and quanti es chatbots' ability to learn and
adhere to organizations' business processes.

IV.1 Integrated Analysis of Robotic Process Automation and Process
Mining
RPA refers to tools that mimic human actions on computer systems and aim to automate

simple and repetitive tasks (van der Aalst et al., 2018; Aguirre and Rodriguez, 2017).
The technology is already used by many organizations, and the RPA market is expected
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to rise (Gartner, 2022; Deloitte, 2017). In practice, the two technologies of process
mining and RPA are already brought together, e.g., by process mining vendors adding
RPA functionality to their software (Geyer-Klingeberg et al., 2018; Celonis, 2024b) or
vice versa (UiPath, 2024). There exist various RPA solutions with different function-
alities (Dilmegani, 2023), and often, the software can be con gured to record bot logs,
l.e., logs of steps executed by bots. RPA bots are increasingly becoming part of business
processes; thus, bot logs could be a valuable new data source for process mining analy-
sis, and the research streams of both elds are already growing together (El-Gharib and
Amyot, 2023; Leno et al., 2021). However, to my knowledge, there are no process mining
approaches yet that use bot logs and focus on the post-implementation phase, i.e., when
bots are already running in production. Combining bot logs and business process event
logs enables insights into bot behavior and effects on the underlying business process.
Therefore, an integrated view of steps performed by bots in the context of business pro-
cesses is bene cial to get a comprehensive overview of RPA-enabled business processes.
Research Article 4 thus investigates the following rst research questimw can bot

logs be used for process mining?

The main goal here is to nd a solution for integrating bot logs with business process
event logs, thus enabling the use of bot logs for process mining. A further challenge is
to analyze these merged logs then. Once event logs are available, process mining offers
various techniques and measures to analyze underlying processes (van der Aalst, 2016c).
On the RPA side, most RPA software also includes some basic bot-related measures to
monitor bot performance (Enrigquez et al., 2020). However, measures speci cally devel-
oped for merged process mining and RPA logs would enable integrated analyses of bots
in business processes. Some approaches in the literature bring the performance mea-
sure perspectives of process mining and RPA together (Geyer-Klingeberg et al., 2018;
Wewerka and Reichert, 2020; Di Bisceglie et al., 2019). However, to my knowledge, no
speci cally tailored process mining measures exist for analyzing merged bot and business
process event logs. This could give insights into the interaction of bots with other pro-
cess patrticipants and enable an end-to-end analysis in RPA-enabled business processes.
Therefore, an integrated process mining analysis with measures tailored for this purpose
Is needed to analyze the effects of bots on business processes. Research Article 4 inves-
tigates the following second research questidiow can bot logs and business process
event logs be analyzed in an integrated way?
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To answer the two research questions, Research Article 4 rst develops an integrated con-
ceptual data model in Object-Role Modeling 2 (ORM 2) notation (Halpin and Morgan,
2008) describing the relations between bot and business processes. Furthermore, an ap-
proach is introduced that makes bot logs usable for process mining, including the "bot log
parser' and the “log merger'. Additionally, 12 integrated process mining measures are de-
veloped that consider bots as part of business processes. The measures focus on different
process mining perspectives (van der Aalst et al., 2007) and on bot exceptions (Leno et
al., 2018; Wewerka et al., 2021; Wewerka and Reichert, 2020). The research is structured
using the DSR paradigm and reference process (Gregor and Hevner, 2013; Peffers et al.,
2007) as well as evaluation patterns (Sonnenberg and vom Brocke, 2012a; Sonnenberg
and vom Brocke, 2012b). The primary artifacts build on ve DOs derived from the lit-
erature. Various evaluation activities (Sonnenberg and vom Brocke, 2012a; Sonnenberg
and vom Brocke, 2012b) are carried out, including two interview rounds with experts and
implementing and testing a software prototype with real-world and arti cial data.

In line with the two research questions, an approach is developed that enables the use of
bot logs for process mining and the integrated analysis of the behavior of bots in RPA-
enabled business processes. The approach consists of several components that build on
each other to achieve this. Figure 7 gives an overview of these components.

Figure 7: Conceptual overview of the approach (Egger et al., 2020; van der Aalst et al., 2007)

First, a data model is introduced that details the structure and relation of bot processes and
business processes, including the attributes required for using bot logs for process mining.
The data model in ORM 2 notation (Halpin and Morgan, 2008) is shown in Figure 8. This
rst step helps to develop the other components of the approach and ultimately supports
answering the research questions.
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Figure 8: Structure of bot processes and business processes, including relevant attributes (Egger et al.,
2020)

Following this, the bot log parser is presented. This component parses bot logs of three
RPA vendors into the XES format (Acampora et al., 2017) that enables the further use of
these logs in other process mining approaches. The logging formats of the different RPA
tools differ; e.g., UiPath provides bot logs in a JSON-like format with many different
attributes. Figure 9 shows the parsing of an exemplary UiPath bot log. Furthermore, the
log merger is speci ed, which combines XES-parsed bot logs with business process event
logs to one aggregated ‘merged log'. Figure 10 shows the merging of the parsed UiPath
bot log with an exemplary business process event log.

The resulting merged log can be used to gain new insights regarding the role of bots in
business processes. For this purpose and speci cally targeting RQ2, measures are de-
veloped that are speci cally tailored to analyze the merged bot and process event logs
to enable an end-to-end analysis of RPA-enabled business processes. The 12 developed
measures are name#xception Time Impact, Exception Time Variance, Relative Fails,
Relative Case Fails, Case Activities Execution Time, Case Activities Execution Time Vari-
ance, Relative Execution Time, Execution Time Variance, Automation Rate, Bot Human
Handover Count, Bot Human Handover ImpaotdBot Human Handover Varianc& he
measures are based on the literature, including different process mining perspectives (pro-
cess perspective, organizational perspective, case perspective) and dimensions (logical is-
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