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Zusammenfassung

Geschaftsprozessmanagement hilft Unternehmen und Organisationen dabei, wiederkehrende
Arbeitsablaufe — sogenannte Geschéaftsprozesse — zu verstehen, zu verbessern und zu au-
tomatisieren. Ein zentraler Bestandteil davon ist ein formales Geschaftsprozessmodell, dessen
Erstellung kostspielig ist, da es die Zusammenarbeit zwischen Prozessbeteiligten und Prozes-
sanalysten erfordert. Die automatische Generierung formaler Geschéaftsprozessmodelle ist ein
Forschungsbereich, der die Erstellung solcher Modelle erleichtern soll, indem Informationen aus
bestehenden natiirlichsprachlichen Prozessbeschreibungen extrahiert werden, woraus automatisch
ein entsprechendes formales Prozessmodell synthetisiert wird. Obwohl dieses Forschungsfeld
in den letzten Jahren zunehmend an Bedeutung gewonnen hat, basieren viele Ansétze zur
Extraktion von Prozessinformationen weiterhin auf Systemen mit handgeschriebenen Regeln.
Dies erschwert deren Anwendung in neuen Doménen, Beschreibungssprachen und Prozessmodel-
lierungssprachen. Ansétze, die auf maschinellem Lernen und Deep Learning basieren, bieten hier
erhebliche Vorteile, da sie Extraktionsregeln automatisch aus Daten ableiten und dadurch leichter
iibertragbar sind. Dennoch sind solche Ansétze bisher selten, was sich durch den hohen Bedarf an
Trainingsdaten erkliaren lasst. Diese Arbeit stellt die folgenden drei Ansétze vor, um den Mangel
an ausreichend groflien Trainingsdatensétzen in der Prozessinformationsextraktion zu beheben.
Beschleunigte Sammlung von neuen Trainingsdaten durch angemessene digitale Unterstiitzung,
effizientere Nutzung von vorhandenen Trainingsdaten und die Anwendung von vortrainierten
Sprachmodellen. So ebnet diese Arbeit den Weg fiir zukiinftige erfolgreiche Anwendungen von
Text-zu-Modell-Methoden.
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Abstract

Business process management helps businesses and organizations with understanding, improving,
and automating reoccurring workflows, called business processes. One integral part to this
is a formal business process model, which is expensive to create, as it needs collaboration
between process participants and process analysts. Automatic generation of formal business
process models is a research field working on facilitating the creation of formal process models,
by extracting the information contained in existing natural language process descriptions and
synthesizing a formal process model. While this field of research has become increasingly popular
in recent years, many process information extraction approaches still rely on hand-written rules,
which makes them hard to transfer to new application domains, description languages, or process
modeling languages. Approaches based on machine learning and deep learning would provide
significant benefits in this regard, as extraction rules are derived from data automatically and are
therefore easier to adjust. Yet, these approaches are still rare, which can be explained by their
need for large amounts of training data. This thesis presents three options to mitigate the lack
of large training datasets in process information extraction, which are as follows. Facilitating the
collection of new training data via proper tool support, more efficient use of existing training
data, and the application of pretrained language models. Thus, this thesis paves the way for
successful applications of text-to-model methods in the future.

il
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Introduction 1

Chapter 1

Introduction

The central goal of Business Process Management is reducing the complexity in coordination
of labor in modern organizations [75]. Bene ts of proper management include, among others,
increased productivity, quality, or compliance with regulations [23]. Typically, to achieve these
bene ts a formal model of the business process is needed, which is very expensive to create as it
needs intensive collaboration of process analysts and process owners [29]. Research estimates the
cost of creating an as-is process model without any improvements at 60% of the time allocated
for the business process management project as a whole [33]. To facilitate the creation of process
models, researchers turn to analyzing process data already available at organizations. Although
process mining methods have shown practical success using such data by analyzing logs of
work ow events, another widespread source is often overlooked by practitioners: Textual process
documentation, such as employee notes, legislation, or standard operating procedures. In such
documents the process is described in natural language and contains information needed to create
a (rough) formal process model, which can subsequently be re ned with process stakeholders.

Since process descriptions are not created with machine-readability in mind, text-to-model can
be understood as a two-step task [8]. First, all process relevant information has to be extracted
from the text, which includes nding process elements such as actors and activities. Second, the
extracted process information is transformed into a formal process model in a given modeling
language, such as Business Process Model And Notation (BPMN) Figure 1.1 visualizes the
text-to-model task.

Extracting relevant process information is a challenging step, as various issues with the
nature of language complicate information extraction [75]. These issues include, but are not
limited to, linguistic ambiguity and implicit information [76], that require careful integration of
expert knowledge into methods dealing with them. Thus, even today the extraction of process
information is still done with rule-based systems [53]. De ning such rules requires extensive
understanding of the targeted process modeling language, as well as natural language processing.
The resulting rules are hard to transfer across organizations, data sources, and process modeling
languages, which impedes reusing existing systems.

Research in the closely related eld of natural language processing has shifted to machine
learning approaches with great success, e.g., in identifying the role of words in a sentence [14],

!Seehttps://iwww.omg.org/lbpmn/ , last accessed Jan 14, 2025.



2 Introduction

Figure 1.1: Motivating example of a short process description fragment, the corresponding
process information, and nally the generated process model fragments.

nding named entities [43], or automatic translation [82]. While machine learning approaches
alleviate the most urgent issues of rule-based approaches, they require large amounts of training
data, which needs expensive manual processing before use. We identify this fact as the main reason
for slow adoption of powerful, yet exible data-driven approaches towards process information
extraction [3, 53, 52, 51]. Lack of data is still a signi cant hurdle in the development of new
approaches, even when pretrained generative large language models (colloquially known as
generative arti cial intelligence) are used. Here, rigorous evaluation on many di erent data
sources is essential to assess their practicality, especially in light of the large variation in terms
of the structure, style, and contents of textual documents that contain process information [2].

This thesis and the reprinted publications, starting with Chapter 5, propose and evaluate three
options of addressing the lack of high-quality training data for process information extraction
systems. Each option can be assigned to a stage in the development of such a system, as shown
in Figure 1.2.

1 Ecient Annotation (EA ): Simplifying the collection of training data for process infor-
mation extraction methods, i.e., by identifying how to reduce the workload of the data
annotation task.

2 Data E ciency (DE): Use existing training data more e ciently, and even create new,
synthetic training data by leveraging data augmentation for process information extraction.
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Figure 1.2: Contributions of this thesis for developing new machine learning approaches for
process information extraction.

3 Pretrained Models (PM ): Using pretrained models from the eld of natural language
processing, either as core component of process information extraction methods, or as way
of creating features for other, smaller models.

The remainder of this thesis is structured as follows. Chapter 2 de nes basic terms and concepts
needed throughout the rest of this thesis and the reprinted work. Chapter 3 discusses work
related to this thesis. In Chapter 4 we give an extended overview over the work reprinted in this
thesis. Chapter 5 presents our initial approach towards applying machine learning in process
information extraction. Chapters 6 and 7 contain publications where we integrate pretrained
machine learning models to reduce the amount of process information extraction data needed for
training extractors, and can therefore be seen as representatives of optiod (PM ). In extension,
Chapter 9 reprints our approach towards process information extraction using large language
models, therefore removing the need for training data entirely. Chapters 8 and 12 reprint our
investigations into creating synthetic data from a limited dataset using data augmentation
techniques, i.e., option2 (DE ). Chapters 10 and 11 contain reprints of our papers discussing
how to facilitate the creation of large, high-quality process information extraction datasets, i.e.,
option 1 (EA). Finally, in Chapter 13 we discuss our contributions, limitations, and present
avenues of future work and further research.

This thesis would not have been possible in its current form without the help and support
of my supervisors, colleagues, and students. To re ect this, the scienti ¢ \we" is used in the
remainder of this thesis.
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Chapter 2

Preliminaries

In the following chapter we de ne key concepts and terms we will use throughout the remainder of
this thesis. In Section 2.1 we discuss business process models in general and explain fundamental
di erences in two approaches towards business process modeling. Section 2.2 discusses two main
tasks that must be solved by all approaches towards automatic business process modeling, and
presents datasets used for developing new solution approaches. In Section 2.3 we will de ne core
concepts of supervised machine learning. Section 2.4 will give a brief overview of terminology
and ideas of modeling natural language, and as an extension of that, how generative models
are used to solve tasks that are not explicitly in their training objective. Finally, Section 2.5
introduce the terms data augmentation and oversampling.

2.1 Business Process Modeling

A business process model is a conceptual model that describes a business process, that is, a
set of (partially) ordered events, activities, and decision points, involving actors and objects,
collectively leading to a desired outcome [23]. Depending on the language used to model the
business process, there are up to ve main perspectives contained in the model.

1. The functional perspective de nes how activities are to be done, which is usually information
stored in activity labels, annotations of activities, etc.

2. The behavior perspective of a process is de ned by its activities and their order of execution,
the control ow.

3. The data perspective adds information about physical and digital data (and material) that
is created, consumed, and transformed during a process.

4. The organizational perspective contains the process participant responsible for or a ected
by an activity, which additionally may include, for example, information about company
structure or employee capabilities.

5. The operational perspective of a process de nes the tools, machinery, and systems used
during a process.
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There are two major approaches to describing the behavioral perspective of a process, called
imperative and declarative modeling.
Imperative Modeling. For processes where the sequence of tasks is well known, and deviates
rarely, imperative modeling of a process can be useful. In imperative models, the order of
execution is given as a sequence of steps, which may contain branching to express exclusive or
parallel work ows. Popular imperative modeling languages include BPMN and UML.
Declarative Modeling. In contrast to imperative modeling, which describes the normal,
expected work ow, declarative models de ne constraints that have to hold throughout the
execution of a process. Constraints de ne, for example, if a given activity is required, if executing
one activity prevents execution of a second, or if executing one activity requires execution of
another activity rst. As long as all constraints in a declarative process model are satis ed, any
sequence of activity executions is allowed, which grants much greater freedom during execution
of a process. A commonly used formalism for declarative process modeling in both academia and
industry is Dynamic Condition Response(DCR) [70].

2.2 Automated Generation of Business Process Models

In this section we will discuss how a formal business process model can be extracted from a
natural language process description automatically. We rst give a high-level overview of the
two steps in the text-to-model task, process information extraction and process model synthesis.
We then de ne process information extraction in more detail (Section 2.2.1), challenges that
need to be addressed during this step (Section 2.2.2), as well as two datasets used for developing
new extraction approaches (Sections 2.2.3 and 2.2.4). Finally, we give a short algorithm for
synthesizing a formal business process model from extracted process information (Section 2.2.5.

Generating a business process model from natural language texts can be described by a
two step procedure [8], which is visualized in Figure 2.1. First, all the information that is
relevant to a process model has to bextracted, i.e., fragments of a text that describe parts of
the process. Next, the extracted information is transformed into an actual process model, i.e.,
the concrete process model described by the text isynthesized Some work labels approaches as
direct text-model transformations, if they use deep neural networks [8]. We argue that this is
not the case, even if these approaches treat the text-to-model as a machine translation problem,
where an input in a natural language has to betranslated into a formal language describing the
model (e.g., XML for BPMN). Such approaches still have to extract process relevant information
implicitly, which is then present latently, e.g., in embeddingsas visualized in Figure 2.1.

2.2.1 Business Process Information Extraction

As stated in the introduction to this section, generating a formal business process model from
natural language text is a two step procedure. This section describes the rst step, which is
detecting and classifying the information relevant to the business process. Figure 2.2 conceptually
visualizes how process information is usually extracted from natural language.

The input to this step is a text in natural language that describes a process, which we will
call a (process description)document from now on. In essence, extracting business process
information is closely related to general information extraction, that is, we use an extraction
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Figure 2.1: Visualization of the two steps in the text-to-model task. Information may be extracted
implicitly and only be represented latently in the extraction model.

approach to nd fragments of text in a document, which describe a concept we want to extract,
or describe how these concepts relate to each other. To extract process relevant information from
natural language text, the document is usually rst segmentedinto sentences. Each sentence
is then split into tokens a procedure calledtokenization. A token can usually be thought of
as a single word, but some tokenization methods subdivide words further intsubword tokens
(e.q., preprocessing! pre, process ing), or group words together if they belong to a known
phrase (e.g.New York). A sequence of tokens is called apan The surface form, i.e., the specic
linguistic construct of a span may refer to a relevant concept, e.g., a process participant, which
we then mark with a correspondingtype. Such typed spans are callecentity mentions, i.e., a
single mention of a conceptualentity, which exists throughout the entire document, potentially
even across documents. Detecting and extracting these entities is closely related tamed entity
recognition, a sub eld of natural language processing [43]. It is the consensus that named entities
refer to so calledrigid designators, which are generic (e.g., proper names of persons or companies),
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Figure 2.2: Overview of the process information extraction pipeline.

or natural (e.g., species or protein names) [43]. In process information extraction entities often
refer to process relevant concepts, which can be rigid designators (think process participants), but
also entities that are more akin to events[81], such as activities in the work ow. We therefore
refrain from using the term named entity recognition, and instead useentity mention detection.
Resolving whether two given entity mentions refer to the same entity (concept), is called
entity resolution. In process information extraction this step becomes especially relevant for
the organizational perspective (process participants) and data perspective (data objects), where
process elements are mentioned multiple times throughout the document, and are often referred
to using pronouns or slight variations of the original surface form. Entity resolution is also
needed for the other perspectives, for example to resolve multiple mentions of the same task. Yet,
this is much less prevalent in the current state of the art and requires further research. If two
entities interact with each other, they form a relation, e.g., to express that a task is performed
by a speci ¢ process participant. Relations are usually directed, i.e., they have a sourcehéad)
entity argument and a target (tail ) entity. Additionally, relations have a type describing the kind
of interaction between their arguments. Relations contain important information about many
perspectives of the process, such as the order of execution between activities, which is integral to
the behavioral perspective.
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2.2.2 Challenges in Business Process Information Extraction

While our current description of the process information extraction task characterizes it as a
direct application of general information extraction, there are several characteristics of process
descriptions, which set the two elds apart. The following list does not claim exhaustiveness, but
instead shall serve as an illustration of the di erences between the two elds, and the challenges
this thesis addresses. Consider the following process description fragment for the examples of
business process speci ¢ challenges belowThe process begins when a new order comes in. The
contract is nalized by the sales department. It is then sent to the development team, which
compiles a list of requirements!

1. Ambiguous Information . Process descriptions often contain ambiguities that need
knowledge about the world to resolve.lt might refer the contract or the sales department,
both interpretations are at least feasible | sending a team is common in speci ¢ contexts,
e.g., in consulting or construction. Knowledge about the world can disambiguate the
sentence, sincesales teamsare rarely sent somewhere, and therefore sending the contract
is more likely to be the correct interpretation.

2. Implicit Information . Sometimes information is not stated explicitly, since mentioning
one action implies a corresponding reaction, or knowledge about the word dictates certain
behavior (see ambiguous information). For the human reader it is obvious that after the
sales team sends the contract, the development team experiences the eventre€eiving it,
even though the text only implies it. Process information extraction approaches need to
either identify that some information is implied (and therefore missing), or have models of
the world that allow automatic completion, such as modern large language models do.

3. Process Meta Information . Descriptions of business processes often involve statements
about the execution of processnstances This includes, for example, information when
a process instance starts or ends. Simple rule-based methods for extracting process
information based on dependency parsing would incorrectly extracthe process(object)
and the task begin (predicate) from the rst sentence. These systems usually have to
compensate for this, e.g., by means of dictionaries with black listed actor names and tasks.

2.2.3 The PET Annotation Schema and Dataset

The PET dataset is the currently largest one, and serves as a benchmark for comparing di erent
extraction approaches in the realm of process information extraction from natural language text
process descriptions [8]. PET contains a total of 45 process descriptions in natural language, where
process relevant information wasannotated (marked) by three process modeling experts [9]. The
corresponding annotation schema is focused mainly on imperative process modeling, speci cally
BPMN [9] and the de nes seven entity types and six relation types. Figure 2.3 shows how a
fragment of a process description document might be annotated with PET and the corresponding
formal process model in BPMN.

Note, that Bellan et al. do not use the concept of entity mentions in their original publication
of PET [9], and therefore call typed spansentities, instead of entity mentions. We will continue
to use the term (entity) mention to refer to typed spans of text in the PET dataset.
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Figure 2.3: Document annotated with the PET annotation schema and corresponding formal
process model in BPMN.

While an enumeration and explanation of all types of mentions and relations is out of scope
for this section, it is important to note that mentions in the PET dataset directly map to
modeling elements of BPMN. For example,Actors in PET can be mapped to swimlanes, or
Activity Data mentions to data objects. Relations in PET de ne associations between elements,
e.g., Actor Performer relations map Actors to the Activities they execute (perform), or Uses
relations associateActivity Data with the Activity that uses said data object during execution.

The PET dataset is one of the most important datasets in current research on business
process information extraction, as it combines and standardizes several datasets. Through
PET extraction approaches become directly comparable. Yet, it also contains issues that need
addressing in future research. First, while mentions of entities are annotated in the process
description, coreferences between them are not given, i.e., the data used to resolve entity mentions
to their corresponding entities is missing. We addressed this fact in one of our publications and
provided a solution approach [53]. Next, the processes described in PET are only moderately
complicated. Current research proposed datasets with far more complex underlying processes [31],
albeit targeting declarative process modeling languages. Finally, the annotation schema of PET
does not allow annotation of implicit process information, and is fairly rigid when it comes to
overlapping (and non-continuous) token spans containing process information.

2.2.4 The ATDP Annotation Schema and Related Datasets

The Annotated Textual Description of Processes(ATDP) language has rst been proposed by
Sanchez et al. [65] to address interpretational ambiguity in natural language process descriptions.
Figure 2.4 shows a fragment of a process description document annotated with the ATDP
annotation schema (excluding scopes) and the corresponding process model in DCR.

They use the notion of scopes into which certain parts of the textual description fall. Scopes
are recursive, i.e, a single scope may contain any number of (smaller) child scopes. Non-leaf
scopes are typed, which de nes the control ow between child scopes, e.g., sequential ordering,
exclusivity, or iteration. Leaf scopes (i.e., scopes with no child scopes) contain at least one
fragment (entity), which are typed with one of the three fragment types Activity (work ow step),
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Figure 2.4: Document annotated with ATDP as used by Quishpi et al. [62] and corresponding
formal process model in DCR.

Role (process participant), or Business Object(manipulated data). Fragments are connected
with relations, which create associations between them, for examplé&gent, de ning the role
performing an activity, as well as control ow relations, such asResponse de ning that executing
one activity triggers the eventual execution of the other activity.

Annotating a textual process description with ATDP thus structures information in a tree,
similar to a process tree, and xes it to a single interpretation, that makes ambiguities explicit.
Multiple interpretations allow for the generation of more than one realizations of the process
model, of which a domain expert may then choose the most appropriate one.

To the best of our knowledge, Quishpi et al. [62] published the only use of ATDP in a concrete
dataset for process information extraction, albeit in an incomplete version not considering the
extraction of scopes. The dataset uses all three entity types, and an additional constraint, for
a total of eight constraint (relation) types. Since this approach does not consider scopes, the
interpretation mechanism explained earlier is not utilized, which makes the implementation
limited in usefulness. Still, the approach of Quishpi et al. towards mention and relation extraction
using pattern matching on dependency trees is powerful and fairly robust, even on new datasets [3].
Additionally, the ATDP dataset is useful for developing new process information extraction
approaches, serving as fundamentally di erent extraction target compared to the PET dataset.
We used the ATDP dataset for exactly this purpose in our work [3, 52].

2.2.5 Model Synthesis from Process Information

Generating a model from explicitly extracted process information is usually done with a deter-
ministic layouting algorithm. We will sketch an example for an algorithm used in some of our
papers here, but note that researching model synthesis is out of scope for this thesis, and requires
further research (see Chapter 13).

Synthesizing a BPMN model from process information in the PET data annotation schema
works in three major stages. First, in the Consolidation phase, we assign conditions to the
mentions of their respective decision points (XOR gateways). Next, all mentions of gateways are
merged, if they refer to the same decision point in the process. Finally, for all activities that
are not assigned an executing actor, we nd the closest actor mention in the text left of it. In



12 Preliminaries

Figure 2.5: Result of a simple deterministic model synthesis algorithm.

the second stage, theVertex stage, we create process elements for all mentions, e.gasks
Data Objects Swimlanes (actors), etc. The nal Linking stage connects related elements, e.g.,
successive tasks wittSequence Flowsif they are located in the same Swimlane, oMessage Flows
otherwise. We also createData Associations between data objects and tasks, adding the label of
the data object to the label of the task, to generate labels like Yegister the claim” instead of
just \ register”. Sometimes, we extracted control ow relations between a gateway in one lane
and a task in another lane. In such a case we also have to inseaxiliary tasks, since message
ows are only allowed between Tasks in BPMN. The resulting model is then interpreted as a
directed graph, which we traverse and draw into a graphical diagram, see Figure 2.5.

2.3 Articial Intelligence

For a human it might appear easy to read a description of a business process and draw a business
process model that re ects the information contained in it. Yet, to formalize the skills needed to
do so, encode them so a machine may use them is non-trivial. Doing so would make this machine
a weak arti cial intelligence [67]. Despite how the term is used colloquially in recent years,
arti cial intelligence fundamentally describes systems that mimic the human ability to make
informed decisions [80]. While strong arti cial intelligence describes a computer system that is
able to actually understand weak arti cial intelligence merely simulates this understanding [67].

In this section we will discuss the fundamental approaches to simulate human decision making
and understanding of problems. First, Section 2.3.1 describes systems that directly use human
knowledge encoded in rules. Section 2.3.2 explains, how machines can derive these (or similar)
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rules directly from data, a paradigm called machine learning. Finally, we will brie y discuss
arti cial neural networks and their use as statistical models in machine learning in Section 2.3.3.

2.3.1 Rule-based Systems

Traditionally, simulating human decision making was (and is) achieved throughexpert systems
which come to solutions to complex problems by applying expert knowledge. This knowledge
has to be represented in such a way that computers can reason over it, commonly ift Then
constructs [80]. Rule-based systems require interpretable features as inputs, i.e., information
needs to be processed rst, before it can be used in a rule-based system. In the context of
process information extraction, this requires, among others, transforming a string input (text)
into tokens, tagging those tokens with part-of-speech tags, parsing dependencies, or calculating
the distance between tokens. Only then rules can be applied, for example, \If two actions are
consecutive, then there is a control ow connection between them." (paraphrased from the
annotation guidelines of PET [8]), or \Any verb that is the rst dependency of the word “whether',

is an action." (paraphrased dependency tree pattern from [62]).

2.3.2 Machine Learning

In contrast to rule based systems, where a human engineer de nes rules that derives one or more
outputs from a number of inputs, machine learning aims to derive these rules automatically. To
this end a model has to be con gured in such a way that a given metric is optimized on a given
dataset. What metric is used, is dictated by the method, for example, inlinear regression a line
is tted to a set of points, in such a way that the mean squared error between line and data is
minimal. If the calculation of said metric relies on a known true output, i.e., it is labeled we call
the corresponding machine learning methodsupervised Unsupervised methods rely on metrics
that solely use observable inputs, e.g., for k-means clustering, where a set nfclusters is formed,
such that the average inner-cluster distance is minimal [48]. Using this metric, we only need
to know about the position of a data point in the feature space to automatically assign it to a
cluster of similar points, which then can be interpreted by a human.

Methods using datasets where only a portion is labeled and the remainder unlabeled, are
called semi-supervised The fundamental idea behind semi-supervised learning is to learn a
representation of inputs x from unlabeled and labeled data, and use labeled data to learn a
mapping from that representation to outputs, which follows from the assumption, that if two
inputs x are close, so should the corresponding outputg [12]. Finally, reinforcement learning
methods optimize apolicy of when to take speci ¢ actions given environmental inputs, so that the
total reward for a sequence of actions is maximal, given a reward function. Unlike the previous
classes of machine learning, reinforcement learning uses simulation, i.e., dynamic data, instead of
a xed dataset for learning.

2.3.3 Neural Networks

Arti cial neural networks are inspired by biological neural networks in their fundamental compo-
nent, the neuron [30]. For the remainder of this thesis, we will use the terms neural network and
neuron to describe the arti cial variant, and not biological one.
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Arti cial neurons, like their biological counterparts, form weighted connectionswith each
other. These connections are directed, meaning the output of one arti cial neuron serves as
the input of others. According to the de nition by Goodfellow et al. [30], modern arti cial
neural networks organize arti cial neurons in layers with a shared activation function. Such
an activation function is a vector-valued function that maps the weighted layer inputs to an
activation (output). Stacking multiple layers can then be understood as connecting them in a
function chain [30]. A neural network composed of stacked layers is calleféed forwards if it
does not contain cycles. If there are connections between layers, such that the output of a layer
eventually becomes its input again, we call such a neural networkecurrent [30].

By forward propagation of an input vector through the network, i.e. evaluating the corre-
sponding chain of functions, we eventually obtain an output vector. This output can then be
interpreted as the prediction of the neural network, which can be used to calculate a prediction
error. The exact way of calculating this error depends on the dataset as described in the previous
paragraph. After obtaining the error, the contributions of each weight are calculated in a
process calledback propagation[30]. Weights are then adjusted according to their individual
contributions, usually with gradient descentmethods, to minimize the error [30]. By repeating
forward propagation, backward propagation, and corresponding weight adjustments, the neural
network converges to an optimal con guration | it learned to model the given dataset.

Generally, neural networks with more parameters can describe more complex data. The
theorem of general universality of neural networks states, that a neural network with at least
one hidden layer, and enough neurons in this layer can describe any arbitrary function [15]. In
practice, the depth of neural networks has become the determining factor of model expressiveness,
giving rise to the era of deep learning. With increases in number of parameters and layers comes
also an increase in required training data. This leads to correspondingly large training data
sets, sometimes containing hundreds of thousands, millions, or even billions of training examples.
Collecting such datasets has therefore become increasingly infeasible fevery learning task,
giving rise to the idea of training models on generally applicable knowledge, and then adjusting
them for speci ¢ problems.

2.4 Large Pretrained Models in Natural Language Processing

The following Section 2.4.1 will expand on the idea of pretraining large models with huge datasets.
Section 2.4.2 will brie y discuss the model architecture enabling pretraining on this large scale.
Finally, Section 2.4.3 explains how modern generative language models are used, even without
ne tuning them on speci c tasks.

2.4.1 Pretraining and Fine Tuning Models

The concept of pretraining was made popular by the use of neural networks in language modeling.
Here, large collections of natural language documents are used in training models for predicting
maskedtokens [20], or the continuation of sentences [63]. During this training, the model learns
many rules about natural language, such as grammar, as this is needed for optimal prediction
performance. Such a neural network is then called dlarge) language model(LLM) and can be
used for other tasks, by minor adjustments and additional training on a much smaller dataset.
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This step is called ne tuning , and reduces the data needed to train useful models, since many of
the concepts learned during pretraining can still be applied in this new task.

While pretrained models are very common in language modeling, other tasks make use of
pretraining as well. This holds generally for tasks that require the extraction and subsequent
composition of low-level abstract features into high-level rules. A prominent example of such a
task is computer vision, where edges, shapes, and textures are features of increasing complexity,
which might be extracted by a pretrained model, and then combined in rules during a ne tuning
step on application-speci ¢ data [13].

Pretrained models are generally very large, which makes them computationally expensive
to train and use. For this reason pretrained models became only popular in recent years
through innovations in computation-e cient model architectures. Most notably, the transformer
architecture allows more parallel computations during training, enabling the training of massive
neural networks on very large datasets [77].

2.4.2 Transformers

The core concept of a transformer are stacks adittention layers [77]. These attention layers are
trained to assign weights (attention) to elements of an input sequence based on their importance
for answering a given query [77]. Through this mechanism transformer architectures are able
to consider the entire input sequence at once, contrary to previous architectures, which had to
process the input element by element. This enables better parallelization during training the
model, compared to the sequential computation needed in previous architectures [77].

Transformers originally use two separate embeddings for encoding inputs and decoding the
corresponding outputs, which is useful for many tasks, where input sequences signi cantly di er
from expected output sequences, such as machine translation. Today, transformers are often
either encoder-only, or decoder-only, depending on the task they are trained on. Encoder-
only architectures like BERT [20] use training objectives, where the target can benet from
bi-directional encoding of the input, such as predicting a missing (masked) token in a given
sentence. Since for these tasks the input and output sequences are part of the same distribution
(e.g., language), encoding them both using the same embedding is permissible, and thus, more
e cient.

On the other hand, decoder-only architectures are autoregressive (non bi-directional), meaning
any element of their output sequence depends only on previous elements, never on future ones.
They are usually trained on a next element prediction task, i.e., given an incomplete sequence
the model has to predict the most likely next element in that sequence. Generative pretrained
transformers, such as GPT2 [64], are pretrained using large collections of natural language
texts, and show impressive performance when applied to previously unseen tasks. Modern large
language models are generative pretrained transformers with many billion trainable parameters.

2.4.3 Prompting

The way such generative pretrained large language models are used today, di ers fundamentally
from traditional deep learning, where one would design a neural network architecture and train
it with a large dataset, or even use a pretrained model as basis for a custom architecture that is
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then ne tuned. Instead, models like GPT3.5 [10] are now used as so-callef@w-shot learners
through prompting them in natural language. Few-shot learners are machine learning models
able to learn a new task or class with a small number of examples, whileero-shot learnerscan
do so without any training data. If large language models are given example turns of natural
language input (prompt) and expected natural language output, they are able to answer a nal
prompt analogously to the examples given before, making them few-shot learnets Since the
training data is given in the context of the input, i.e., before stating the actual problem, this
method of prompting is also calledin-context learning [10].

2.5 Data Augmentation

One of the options of mitigating the lack of data in process information extraction is using the
existing data more e ciently. This can either be achieved by smaller models, or by in ating
the datasets procedurally. Data augmentation represents a means of doing just that, by either
perturbing examples in the dataset, such that their label is preserved, or by oversampling
examples [68]. Literature de nes data augmentation as methods, that change existing examples,
without in ating the dataset, while oversampling adds synthetic examples to the dataset. In
practice, the two terms often intersect, e.g., when applying data augmentation to synthetic data.
In this thesis we will use the term data augmentation to denote techniques that create new,
synthetic training examples on the basis of existing data.

The intuition behind data augmentation can best be understood visually, that is, for image
classi cation data, as Figure 2.6 shows. There, targeted changegérturbations) are performed
on the image of hand-written \9". This image is part of the MNIST database of handwritten
digits [41], which contains 16x16 pixel pictures of digits written by humans. As such, it can be
used for an image classi cation task | each picture needs to be mapped to the digit it contains.
The style with which humans write digits greatly varies from person to person, some might
angle them more, some might embellish them with serifs, some might keep them extremely
simplistic. Furthermore, the conditions under which a picture is taken can vary, such as lighting,
the pen used for writing, or the camera used for taking the picture. All these factors are not
guaranteed to be contained in the training data, and thus in uence the performance of a model
during real-world application. Data augmentation aims to simulate these variations procedurally,
changing original data examples via controlled perturbations.

Figure 2.6 shows the original picture of a handwritten \9", and three types of such pertur-
bations | rotation, translation, and the addition of noise. The second row shows the same
perturbations, but with much higher intensity. Here, the label of the picture is invalidated, i.e.,
the picture no longer shows a \9", but a \6", \0", or just noise. This highlights the importance
of properly controlling data augmentation techniques. We will discuss this in more detail in
Chapters 8 and 12.

2Note that many modern large language models are able to function in zero-shot settings as well.
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Figure 2.6: Examples of perturbations on an image from the MNIST digits dataset, containing
the digit \9". The rst row contains the original and three perturbations that preserve the label,
while the second row contains the original and three perturbations that invalidate the label.
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Chapter 3

Related Work

The goal of this section is to give the reader context of previous and parallel work in the elds of
research this thesis contributes to. We will rst give an overview of approaches towards process
model generation from natural language text in Section 3.1. Next, we will discuss general methods
of data augmentation, as well as speci cally for natural language processing and business process
management in Section 3.2. Finally, Section 3.3 presents datasets that are useful for developing
new process information extraction methods.

3.1 Automatic Model Generation

Related work on automatic process model generation can be organized into four distinct categories,
based on the main approach towards extracting the information contained in a textual description,
and thus, de ning an automatically generated process model.

Constrained Language Methods. Ivanchikj et al. [35] present SketchMiner, a tool for
describing the process in constrained language, from which BPMN diagrams are extracted
automatically. Caporale [11] proposes a controlled language based on sentence templates and
corresponding parser to describe business processes and generate process models in BPMN.
Methods that require constrained language present a tradeo between the complexity of a precise
formal modeling notation and the convenience of imprecise natural language descriptions. No
knowledge of the formal modeling language is needed to produce a formal model, instead users
only have to Il in templates of descriptions in constrained language. While such an approach
makes parsing of the information contained in descriptions trivial, it best serves as a tool for
supporting the communication between process owners and process analysts [11]. For this reason
methods using constrained language are not well suited for exploitingxisting natural language
process descriptions.

Rule-Based Methods.  Related work in this category usually showcases striking performance
during evaluation on the dataset they are designed for, extracting process information with
high levels of precision and recall. Yet, all methods share a common in exibility, i.e., the rules
they de ne are speci c to a particular subset of process perspectives and languages. Changing
and extending them requires expert knowledge in both natural language processing, as well as
the target business process modeling language. This is mainly founded in the sophisticated
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use of natural language processing for feature engineering and subsequent, manually de ned
rules. Friedrich et al. [29] use part-of-speech tags, the dependency graph of sentences, as well as
word information from a lexical database to extract process relevant information and generate a
process model in BPMN. Sokolov et al. [71] suggest integrating semantic uni cation into process
model extraction pipelines could improve extraction quality, when using partial descriptions
or external knowledge sources, but do not report empiric results. Lopez et al. [46] focus on
extracting declarative process models in the DCR formalism from natural language, using a
tool called the Process Highlighter Van der Aa et al. [1] present the currently leading method
for extracting declarative process models from text, using the results of syntactic parsing and
word-level features in a set of manually de ned rules. Sanchez et al. [66] and Quishpi et al. [62]
employ process information extraction techniques based on regular expressions for syntactic
dependency trees and part-of-speech tags. Sintoris and Vergidis [69] propose a transformation
pipeline for the automatic generation of BPMN process models, albeit without reporting its
application or evaluation. Sonbol et. al [72] treat the generation of a formal process model
from natural language text descriptions as a machine translation problem, and present a natural
language processing pipeline to extract process relevant information and layout it in BPMN.
Supervised Machine Learning Methods. Unlike rule-based methods, supervised machine
learning methods automatically learn, that is, derive what parts of a process description are
relevant for generating process models. This is usually done by adjusting parameters of a machine
learning model, until its predictions, i.e., the extracted process relevant information closely
resembles the expectation found in a so-called training dataset. For this reason, machine learning
methods can potentially be transferred to new process domains and languages, provided they
are retrained with appropriate data. In [61], Qian et al. propose a neural method for entity
and relation classi cation, which assumes relevant text fragments to already be extracted in a
preprocessing step.

Methods Based on Pre-Trained Models. The limiting factor of applying supervised machine
learning methods to process model extraction, is the lack of readily available training data.
Pre-training machine learning models on out-of-domain data, i.e., data not immediately related
to the target task has become more popular with the advent of so-called large language models,
such as BERT [20]. This reduces the amount of training data needed to obtain a useful extraction
model drastically, as the pretrained model only needs ne tuning. Recent generative approaches
further reduce the amount of training data, often to less than three examples, sometimes to none.
Thus, methods based on generative large language models reduce the problem to text completion,
which is often referred to asprompting. In [44], Licardo et al. de ne an extraction pipeline,
which revises process descriptions, extracts process relevant entities and activity execution
order using a transformer ne-tuned on additional training data, and nally creates a BPMN
diagram. Bellan et al. [7] use in-context learning with GPT3 to extract process relevant facts
from natural language process descriptions. In [40], Kourani et al. present an approach for
extracting activities and their execution order from a process description using a pretrained
large language model and human review. In [16], Daclin et al. present an early-stage concept
for using pretrained large language models and structured data to transform speech to text and
subsequently extract a formal process model in BPMN, qualitatively evaluated on just a small
number of easy examples. Klievtsova et al. [38] present six prompts for extracting graphical
process models from natural language texts, concluding that modern large language models are
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ready to be applied in real-world text-to-model scenarios. A empirical study of the application
of di erent pretrained large language models on multiple datasets did not exist before this thesis,
instead previous work often just studied feasibility.

3.2 Data Augmentation

Data augmentation is a well explored technique for making machine learning models more robust
and use training data more e ciently. For this reason it is a possibility to mitigate the lack

of training data present in process information extraction. For this reason we will rst discuss
prominent examples of data augmentation applications in research elds, then review how data
augmentation is applied in natural language processing, and nally how it is applied in business
process management tasks.

Examples of Data Augmentation. Data augmentation has long been a technique to comple-
ment incomplete or partial data in many classical algorithms, such as expectation maximiza-
tion [18], or the calculation of posterior distributions [74]. Here data augmentation is understood
as a ways of altering numerical data, so that algorithms converge to more suitable results or lead
to more robust parametrization of stochastic models. The original idea for data augmentation
on images is often attributed to Baird [5] and his work on modeling defects in images (scans) of
physical documents, resulting in synthetic data useful in developing robust models for document
image analysis. Wang et al. [79] published one of the earliest systematic reports of data augmen-
tation as a technique to improve deep neural networks for image recognition, and propose it as
an alternative to other regularization approaches, such as dropout [73].

Natural Language Processing. The NL-Augmenter framework [21] is a shared research
e ort that collects a total of 117 augmentation techniques to date 3. These augmentations
are targeted speci cally at natural language processing tasks, including, but not limited to,
named entity recognition, machine translation, question answering, or sentiment analysis. Li
et al. [42] collect and categorize 16 data augmentation techniques, but focus on techniques
applicable to text classi cation, text generation, and structured prediction, all of which are
not directly applicable to process information extraction. Similarly, Pellicer et al. [57] survey
data augmentation techniques for datasets used in sentence classi cation and emotion detection,
which are not immediately useful in information extraction tasks. Wang et al. [78] propose a
data augmentation method based on reinforcement learning, using four simple perturbations and
reporting impressive improvements in entity relation prediction for medical datasets.

Business Process Management.  In [36] Kappel et al. evaluate nine simple data augmentation
techniques (e.g., random deletion) for predictive process monitoring, i.e., predicting how a business
process evolves over time. Huo et al. [34] propose data augmentation based on large language
models for intent recognition in robotic process automation, more speci cally for automating
repetitive tasks through chatbots.

3See the NLAugmenter repository in GitHub for an up to date list: https://github.com/GEM-benchmark/
NL-Augmenter/tree/main/nlaugmenter/transformations , last accessed Feb. 7th, 2025.
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3.3 Dataset Initiatives and Support

lopez et al. [45] collect, annotate, and publish 37 descriptions of declarative processes, focusing
on the extraction of process roles, activities, and three types of constraints (relations) between
them. In [9], Bellan et al. publish the PET dataset, which consists of 45 natural language
process descriptions, collected from previous dataset initiatives, and annotated with extraction
targets for process elements and their relations. Bellan et al. present a tool for visualizing the
annotations of process descriptions in [6], supporting future dataset collection e orts, if they
use the PET annotation schema. Caporale [11] proposes a tool for the collaborative collection
of process models, with a mechanism for recommending similar process models. Thiodel
Judge [17] is a tool developed by Delicado et al., aimed at novices in using BPMN for business
process modeling, supporting them with recommendations of potential process elements in a
textual description, and aligning existing process elements with their textual counterparts.
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Chapter 4

Overview of Relevant Publications

In Chapter 1 we discussed how the application of machine learning for process information
extraction requires amounts of training data currently not available. At the start of this thesis
this fact was less obvious, and became only clear after working on the rst machine learning
based process information extraction approach [3]. After this publication it became apparent
that investigating ways of mitigating this issue are needed, which motivated all subsequent
publications.

In this chapter we will provide an overview over the publications relevant for this thesis. We
will highlight key ideas, contributions, and limitations of these publications in chronological
order, to illustrate the systematic exploration of our initial, fundamental research question RQ-0.

RQ-0 How can deep learning be applied to process information extraction from natural
language process descriptions?

Motivated by the academic success of rule-based process information extractors, we looked for
reasons why these systems nd little application in practice, with only one viable commercial
system available at the time*. One key contributing factor is the in exibility of rule-based
systems during application in new domains, which also explains the success of machine learning
in other elds of research. Proper machine learning approaches could be transferred to new
domains by retraining them on suitable datasets.

RQ-0 represents our initial research motivation at the beginning of this thesis. Additional
guestions arose while investigating it. Figure 4.1 visualizes the timeline of publications made for
this thesis, along with the research questions these publications raise and investigate.

We published an initial, direct approach towards process information extraction in \Data-
driven annotation of textual process descriptions based on formal meaning representatiohf3]. At
the time, this work represented the rst machine learning approach towards identifying mentions
of process information incomplete sentences of textual process descriptions. Other work is not
able to distinguish between sentences that contain or do not contain process information [61].
During work on this approach, we found that training a traditional sequence-to-sequence model,
i.e., a sequence of tokens as input and a sequence of entity mentions as output, is not feasible due

4DCR solutions o er a commercial system for semi-automated extraction of declarative process models from
natural language text, see https://dcrsolutions.net/ , last accessed Feb. 7th, 2025.
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Figure 4.1: Timeline of publication for this thesis, along with the leading research questions
brought up and answered by publications.
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Figure 4.2: Comparing formal meaning representations to syntactic dependencies. We use
Penn Treebank part-of-speech tags [49], sebttps://www.ling.upenn.edu/courses/Fall_
2003/ling001/penn_treebank_pos.html

to the lack of data, and complexity of the problem [3]. Instead, we made use of out-of-domain
knowledge in the form of formal meaning representations which are graphs representing the
semantics of a sentence. Figure 4.2 shows the syntactic dependency graph below, and the formal
meaning representation above the sentences we used in this paper: (1Jhe authors showered.,
(2) \ The authors took a shower’, and (3) \ The authors took a booK: [3]. Unlike syntactic
dependency graphs, formal meaning graphs are largely invariant to changes in th&urface form,
i.e., what words or grammatical constructs we use to represent what we mean. Notice, how (1)
and (2) have the samemeaning, but very di erent surface form, while (2) and (3) have very
di erent meaning, but very similar surface form. The formal meaning representation is able to
capture this fact, as in both cases there are nodes describing an actoA() and a process P),
i.e., something that happens over time | taking a shower i.e., showering In contrast, when
comparing sentences (2) and (3), we now see two actors, and a very di erent action | taking
something Traditional syntactic dependency trees are not able to capture themeaning properly,
in fact, the dependency trees for sentences (2) and (3) are identical In both cases we identify
took as the verb (think action) that the subject authors perform on the object shower and book
respectively. In a process context, this would lead to a model, where we expect the authors to
physically \ take" the shower (like they would a book). At the same time, sentence (1) and (2)
result in very di erent dependency trees, even though they are the samaemantically. A meaning
representation parser is a system that creates the formal meaning representation of a sentence
and is developed using texts from outside the business process domain. In this sense, the use of
such a parser and the resulting formal meaning representation shifts some of the complexity of
process information extraction | we do not need to learn to interpret the meaning of a sentence,
only which parts are relevant to a process.

To extract process information from a sentence, we rst transform this sentence to its formal

SWe used CoreNLP to parse the sentences, sedttps://corenlp.run/ , last accessed Feb. 2, 2025.
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meaning representation (graph) and enrich nodes corresponding to tokens of the sentence with
information about these tokens, e.g., part-of-speech tags or word vectors. The graph is then
processed using a graph neural network tasked to assign nodes semantic roles in the process
(e.g., actors, activities, data objects). Our approach outperforms a state-of-the-art data-driven
approach [61], and achieved competitive results compared to a rule-based system [62] when
using the dataset it was designed for, and out-performing it on new, unseen data, which we
collected. Working on this publication raised several new research questions following the original
question RQ-0. At this point it became clear that the direct application of deep learning is
prevented by a lack of useful training data, and as a result these new research questions already
re ect the three approaches towards mitigating the lack of data in process information extraction
we discussed in Chapter 1 and have shown in Figure 1.2. These akcient A nnotation of
training data (Option 1, EA), higher Data E ciency (Option 2, DE ), and the use ofP retrained

M odels (Option 3, PM ). Based on these three options three corresponding research threads
arise.

RQ-EA-1 How can we collect more data for training process information extraction approaches
more e ciently and e ectively?

In our initial publication, it took several weeks to collect and annotate 250 sentences, even for a
team of many experts in the eld of business process management. Labels often contradict each
other, most notably the determiners of actors are not always part of the annotation, e.g.the
authors vs. just authors. Researching proper tool support for data collection would expedite it,
as well as potentially open data annotation to non-experts.

RQ-DE-1 Can classical machine learning be used to extract relations and resolve coreferences
between mentions of process information given a small dataset?

Previous work on machine learning in process information extraction, as well as our proposed

approach is not able to extract interactions, dependencies, and coreferences between entity
mentions from multi-sentence process descriptions, but only from fragments [61]. Machine

learning approaches towards relation extraction and coreference resolution would result in a fully

machine learning based pipeline for process information extraction.

RQ-PM-1  Which pretrained models for (general) information extraction are most promising
when applied in new domains?

A common remark of reviewers of our publication was to explore how existing approaches based
on pretrained language models perform on the process information extraction task. No empirical
study of such models for di erent datasets existed at the time, but would be an invaluable
resource for an informed decision when choosing a model for extracting process information.

These three research questions directly correspond to the three options of mitigating the lack
of data in process information extraction research. Contrary to what their order of mention
might suggest, we did not investigate them starting with RQ-EA-1, but instead with RQ-PM-1.
Learning from our initial publication, we realized that collecting large datasets, even if done
e ciently, is a signi cant undertaking. Instead, investigating the application of pretrained
models, or e cient use of existing data promises similar bene ts with signi cantly lower resource
requirements.
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The paper \Bridging research elds: an empirical study on joint, neural relation extraction
techniques' [4] addressed the lack of an empirical study of existing, pretrained models for (general,
not only process) information extraction. As such it is directly needed to answer RQ-PM-1, which
entails an informed decision regarding promising pretrained models for information extraction.

We conducted a systematic literature review, following the PRISMA method [56], nding a
total of 1;847 publications, which were manually Itered by reading title and abstract, applying
seven exclusion criteria. This resulted in 189 publications, where we read the full text and
applied the same seven exclusion criteria, yielding a total of 31 relevant approaches, of which
we were able to retrieve and properly set up seven. These approaches were then trained and
evaluated on four di erent datasets, using three variations of the F; measure. We found four
promising approaches, including MARE [39] and SpERT [24], which are able to produce consistent,
high-quality predictions of entities and relations. Compared to other approaches, these two
approaches were much less a ected by adverse data characteristics, such as, the number of
relations in a document, the distance between relations, or higher variation in surface forms of
entity mention [4]. The proper application of models identi ed in our work, can be phrased as
the following new research question.

RQ-PM-2 Can pretrained models achieve state-of-the-art performance in the process information
extraction task?

All the datasets we used in this publication were from information extraction tasks unrelated to
business process descriptions. It therefore remains to test the most promising model on a dataset
from process information extraction.

We continued work on both RQ-PM-2, as well as RQ-DE-1 in the paper Beyond Rule-based
Named Entity Recognition and Relation Extraction for Process Model Generation from Natural
Language Text' [53]. Our main contribution in this publication was a fully machine-learning
based pipeline for extracting process information from natural language process descriptions.
These natural language process descriptions were published by Bellan et al. [8] in the PET dataset.
However, they were still missing information about coreferences between mentions of process actors
and business objects, which we manually annotated and made publicly accessible. We applied
the entity mention extraction technique based on conditional random elds by Bellan et al. [8]
without change, and proposed an entity resolution approach based on a pretrained coreference
resolution model, as well as a relation extraction approach based on gradient boosting [60]. This
pipeline was able to outperform the previously best rule-based approach, and since it was fully
based on machine learning, it constitutes a answer to RQ-DE-1. The machine learning methods
we used are \classical" approaches and not deep learning approaches, which is why this paper
can not be considered an answer to RQ-0.

Additionally, we compared our approach to JEREX [25], an improvement of SpERT, which
we identi ed as promising in our previous study. We could show that even though PET was the
currently largest available dataset for process information extraction, it was still too small to be
used for ne tuning pretrained models. Therefore, ne tuning pretrained models appeared not
feasible, leading us to answer RQ-PM-2 negatively at the time.

Instead, work on a machine learning pipeline lead us to a research question, which corresponds
to the second way of mitigating lack of training data in process information extraction from
Chapter 1.
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RQ-DE-2 How can limited amounts of training data be used more e ciently in training process
information extractors?

Even with the publication of the PET dataset, extracting process information from natural
language process descriptions remained law data task. It has been shown that similar low data
tasks of other domains bene t from data augmentation. Testing data augmentation for process
information extraction would bring additional challenges, e.g., the reliance of process descriptions
on keywords (@after, before) to describe the control ow of a process.

In our next publication \ Leveraging Data Augmentation for Process Information Extrac-
tion" [54] we applied a total of 19 data augmentation techniques to the PET dataset and used
the resulting data to train our process information extraction pipeline from [53]. These data
augmentation techniques were selected from related work based on their suitability for improving
process information extraction data following four exclusion criteria. We excluded all techniques
that (1) are not applicable to the english language, (2) alters the spelling of words, (3) do not
work for supervised training data, and (4) use task-, and/or domain-speci ¢ databases. Since
many of the techniques can be con gured in di erent ways, we searched for optimal con gurations
using a hyperparameter optimization. Using data augmentation we were thus able to improve
the performance of our pipeline by up to 4.5 percentage points in thd=; measure. The scope of
this publication did not allow us to answer the following question.

RQ-DE-3 How does data augmentation a ect the surface form and semantics of process de-
scriptions?

While many data augmentation techniques had a positive e ect in our experiments, we treated
them as a black box transformations. This means we could not answer questions abotmow
speci ¢ data augmentation techniques actually change the surface form and semantics of a process
descriptions.

Instead of immediately answering RQ-DE-3, we continued our exploration of the application
of pretrained models to process information extraction (RQ-PM-2) in \A Universal Prompting
Strategy for Extracting Process Model Information from Natural Language Text using Large
Language Models [52]. With the advent of large pretrained language models, researchers
showed that it is plausible to use them in business process management tasks [7, 32]. Still, a
comprehensive study on how to prompt these models to achieve state-of-the-art extraction results
was missing, as previous work only used parts of the available data for evaluation [52]. For
this reason we engineered prompts for the tasks entity mention detection, entity resolution, and
relation extraction, based on best practices from information extraction research. We then applied
these prompts to a total of three di erent datasets and eight di erent models, demonstrating
that our prompting strategy for process information extraction is universally applicable. Our
prompts improved the F; score by as much as 5 percentage points for the mention detection
task on PET, and 17 percentage points compared to previous rule-based approaches to relation
extraction. In an ablation study we were able to identify an iterative approach to extracting
process information as the main contributing factor to these improvements. In this iterative
approach we sequentially extract types process information mentions, feeding already extracted
mentions back into the model as additional inputs. First we extract activities from the process
description, which are comparatively easy to identify, as they are often verbs. We then extract
actors and business objects, which are often in the immediate vicinity of activities. Finally, we
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extract the remaining types of information. This approach leads to improvements of 8 percentage
points in F1 measure for both the mention detection and relation extraction tasks.

The limitations of extraction approaches based on large language models, such as reliance on
cloud service providers, high computational costs, and privacy concerns, lead us to nally pursue
answering RQ-EA-1, i.e., how to make data collection for process information extraction datasets
more e cient and e ective. In \ Assisted Data Annotation for Business Process Information
Extraction from Textual Documents" [51] we measured the cognitive workload of 31 participants
during annotation of process relevant entity mentions and their coreferences and relations in
process descriptions. We found that assisting the same annotators with automatically generated
annotation recommendations resulted in signi cantly lower cognitive workloads, with reductions
as much as 51:.0%. At the same time these recommendations improved the average quality of
annotations compared to the gold standard by up to +389% measured inF1 score, particularly
bene ting non-expert annotators with little business process management experience. Notably,
human review of the automatic recommendations improved theF; measure by up to 0151,
showing that the combination of a human supported with an Al-system is able to perform
better, than both of them in isolation. We implemented our ndings in a tool for e cient data
augmentation, called TeaPie, and describe it in the publication \TeaPie | A Tool for E cient
Annotation of Process Information Extraction Data " [55]. There we discuss user feedback
regarding the work ow using the tool, which was predominantly positive, with all users agreeing
that the work ow was well suited for the annotation task, and allowed for uninterrupted work
on it. A few select annotators (one each out of 31) had trouble always understanding what to do
in each of the annotation steps, and work on these steps with satisfactory speed. Most notably,
we found that many (12 out of 31) annotators did not nd it useful to see a visualization of their
current annotation as BPMN model, which was surprising given the nature of the annotation
task. We plan to continue exploring why this is the case, and how to visualize annotations better
for these users.

Finally, we expanded our understanding of data augmentation for process information
extraction in \ Repeat, Reorder, Rephrase - Data Augmentation for Process Information Extractioni
(cf. section 12), which is currently under review. In this publication we focused on exploring how
the data augmentations we found in [54], as well as seven additional ones, change the text of
process descriptions. First, we categorized all data augmentation techniques by their approach
into the classesRepeating (repeats part of the text or vocabulary), Reordering (reorders parts
of the text), Rephrasing (rewording parts of the text), and Adding Noise (random changes to
the text). Using a large language model we embed the text of original documents, sentences,
mentions, and relations into a high dimensional vector space. Each of the resulting embedding
vectors can be understood as a representation of themeaning of the original text [58]. We then
reduce these high-dimensional vectors to vectors with two dimensions, using the tSNE method [59]
and plot them to a scatter plot. Applying the same transformation to all embedding vectors
of augmented documents, we can visualize the changes each of the augmentation classes have
on process descriptions. We can then easily see, that repeating and reordering augmentations
have nearly no impact on the meaning of process descriptions, unless for relations, where control
ow relations between activities are often sensitive to their order of appearance in the text.
Rephrasing augmentations and those that add noise do change the meaning. Since the latter
often break the semantics of process descriptions, the resulting bene ts are much lower for
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extraction approaches trained with augmented data obtained from these augmentations.

With this we can now give an answer to our initial research question RQ-0. Until large
datasets for training are available, pretrained models constitute the easiest way of applying
deep learning to the process information extraction task. This notion is also reinforced by
related work in the eld, which uses pretrained large language models for extracting process
information, or generates process models from natural language text inputs [7, 32, 40, 52]. Yet,
such approaches have considerable requirements in terms of hardware resources, cost, or privacy
concerns, something we will discuss later in Chapter 13. For this reason, supervised deep learning
models, specialized on the process information extraction task should be the goal. To this
end, tools like TeaPie [55] help with e cient collection of training data, which can then be
supplemented with data augmentation techniques for more e cient usage.
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Chapter 5

Data-driven annotation of textual
process descriptions based on formal
meaning representations

Ackermann, L., Neuberger, J., Jablonski, S. (2021). Data-Driven Annotation of Textual Process
Descriptions Based on Formal Meaning Representations. In: La Rosa, M., Sadiq, S., Teniente,
E. (eds) Advanced Information Systems Engineering. CAISE 2021.Lecture Notes in Computer
Science(), vol 12751. Springer, Chamhttps://doi.org/10.1007/978-3-030-79382-1_5

Reproduced with permission from Springer Nature.

Contribution statement. The concept to use formal meaning representations was developed
by Lars Ackermann (LA). Model selection, implementation, hyper-parameter tuning, and feature
selection was done by JN. LA and JN planned data collection and annotation. All authors
annotated data themselves, and supervised the annotation of external contributors. JN evaluated
the approach and created the corresponding gures. LA and JN interpreted the results. Writing
and revision of the publication was done by all authors. LA and JN are the corresponding
authors.
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Chapter 6

Bridging research elds: an empirical
study on joint, neural relation
extraction techniques

Ackermann, L., Neuberger, J., Kappel, M., Jablonski, S. (2023). Bridging Research Fields: An
Empirical Study on Joint, Neural Relation Extraction Techniques. In: Indulska, M., Reinhartz-
Berger, I., Cetina, C., Pastor, O. (eds) Advanced Information Systems Engineering. CAISE 2023.
Lecture Notes in Computer Science, vol 13901. Springer, Chanhttps://doi.org/10.1007/
978-3-031-34560-9_28

Reproduced with permission from Springer Nature.

Contribution statement. All authors selected relevant research databases for this literature
review. Julian Neuberger (JN) and Martin Kappel (MK) created and ran the search queries. JN,
MK, and Lars Ackermann (LA) de ned the exclusion criteria. JN and MK Itered the list of
sources based on the exclusion criteria. JN created the framework for evaluating the selected
pretrained models. JN and MK ran the evaluation. JN created the gures for study results. LA,
JN, and MK interpreted the results. Writing and revision of the publication was done by all
authors. LA is the corresponding author.
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Chapter 7

Beyond rule-based named entity
recognition and relation extraction
for process model generation from
natural language text

Neuberger, J., Ackermann, L., Jablonski, S. (2024). Beyond Rule-Based Named Entity Recogni-
tion and Relation Extraction for Process Model Generation from Natural Language Text. In:
Sellami, M., Vidal, ME., van Dongen, B., Gaaloul, W., Panetto, H. (eds) Cooperative Informa-
tion Systems. CooplS 2023.Lecture Notes in Computer Science, vol 14353. Springer, Cham.
https://doi.org/10.1007/978-3-031-46846-9_10

Reproduced with permission from Springer Nature.

Contribution statement. Concept for the relation extraction and entity resolution methods
were developed and implemented by Julian Neuberger (JN). Entity resolution data for the
PET dataset was annotated by JN and Lars Ackermann (LA). JN planned and conducted the
evaluation of all methods. Results were interpreted by JN. All gures were created by JN. JN
and LA wrote the main text of the publication, with additional contributions by Stefan Jablonski
(SJ). Revision of the publication was done by all authors. JN is the corresponding author.
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Chapter 8

Leveraging Data Augmentation for
Process Information Extraction

Neuberger, J., Doll, L., Engelmann, B., Ackermann, L., Jablonski, S. (2024). Leveraging Data
Augmentation for Process Information Extraction. In: van der Aa, H., Bork, D., Schmidt,
R., Sturm, A. (eds) Enterprise, Business-Process and Information Systems Modeling. BPMDS
EMMSAD 2024 2024. Lecture Notes in Business Information Processing, vol 511. Springer,
Cham. https://doi.org/10.1007/978-3-031-61007-3_6

Reproduced with permission from Springer Nature.

Contribution statement. The concept to use data augmentation for process descriptions was
developed by Julian Neuberger (JN) and Lars Ackermann (LA). The list of possible augmentation
techniques was selected by JN. Exclusion criteria for Itering the list of augmentation techniques
were de ned by JN, Leonie Doll (LD), and Benedikt Engelmann (BE). Filtering the list of
augmentations according to the exclusion criteria was done by LD and BE. Adjusting the
remaining augmentations was done by JN, LD, and BE. Setting up the experiment, conducting
it, and interpreting the results was done by JN. JN mainly wrote the publication text, with
additional contributions by LA and Stefan Jablonski (SJ). Revisions were done by all authors.
JN is the corresponding author.
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Chapter 9

A Universal Prompting Strategy for
Extracting Process Model

Information from Natural Language
Text Using Large Language Models

Neuberger, J., Ackermann, L., van der Aa, H., Jablonski, S. (2025). A Universal Prompting
Strategy for Extracting Process Model Information from Natural Language Text Using Large
Language Models. In: Maass, W., Han, H., Yasar, H., Multari, N. (eds)Conceptual Modeling.
ER 2024. Lecture Notes in Computer Science, vol 15238. Springer, Chamhttps://doi.org/
10.1007/978-3-031-75872-0_3

Reproduced with permission from Springer Nature.

Contribution statement. The concept for a universal prompting strategy was developed by
Julian Neuberger (JN) and Lars Ackermann (LA). Reviewing previous work on prompting and
integrating best practices was done by LA. JN wrote the study framework. JN and LA conducted
the experiments. The main publication text was written by JN, Han van der Aa (HA), and LA,
with additional contributions by Stefan Jablonski (SJ). Figures were created by JN and LA. All
authors revised the publication. JN is the corresponding author.
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Chapter 10

Assisted Data Annotation for
Business Process Information
Extraction from Textual Documents

Neuberger, J., van der Aa, H., Ackermann, L., Buschek, D., Herrmann, J., Jablonski, S.
(2025). Assisted Data Annotation for Business Process Information Extraction from Textual
Documents. In: Comuzzi, M., Grigori, D., Sellami, M., Zhou, Z. (eds) Cooperative Information
Systems. CooplS 2024. Lecture Notes in Computer Science, vol 15506. Springer, Cham.
https://doi.org/10.1007/978-3-031-81375-7_11

Reproduced with permission from Springer Nature.

Contribution statement. The concept for an e cient and e ective data annotation tool for
process information was developed by Julian Neuberger (JN). Jannic Herrmann (JH) implemented
the research prototype. JN, Lars Ackermann (LA), and Daniel Buschek (DB) designed the user
study for evaluating the research prototype. JH conducted the user study, JN supervised the user
study. JN evaluated the data collected during the user study and interpreted the results. Figures
were created by JN. JN and Han van der Aa (HA) wrote the main body of the publication, with
additional contributions by JH, LA, and Stefan Jablonski (SJ). The publication was revised by
all authors. JN is the corresponding author.
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