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Abstract

The recent advancements in Large Language Models (LLMs) have opened new possibil-
ities for the automation of software and process modelling. This thesis investigates the
capability of AI systems to generate and interpret Business Process Model and Nota-
tion (BPMN) diagrams, with the aim of assessing their sufficiency, syntactic correctness
and structural coherence. Although BPMN offers a standardized visual language for de-
scribing business workflows, creating and evaluating these diagrams manually is still a
demanding and error-prone activity.

To tackle this problem, four different AI models (ChatGPT, Copilot, Gemini and
DeepSeek) were evaluated through a structured framework inspired by the COPE (Con-
text, Objective, Prompt, Evaluation) methodology. Fifteen BPMN exercises, collected
from diversified business and operational sectors, were analysed using two complementary
scoring systems: one designed to quantify the relative difficulty of each exercise, and an-
other developed to evaluate and compare the accuracy of AI-generated diagrams against
reference solutions. Each exercise was solved, and the resulting diagrams were then
evaluated both qualitatively and statistically through the Kruskal-Wallis and Wilcoxon
Signed-Rank Tests.

The statistical analysis showed that Gemini achieved the highest score and most con-
sistent performance, followed by ChatGPT, while Copilot and DeepSeek showed less reli-
able results. The qualitative analysis revealed that syntactic precision does not necessarily
ensure semantic completeness, highlighting the significance of contextual comprehension
when generating BPMN diagrams.

In conclusion, this thesis provides an empirical framework for evaluating the AI-
generated process models and demonstrates that the reliability and understanding of
AI-assisted process modelling can be improved by combining structured scoring and sta-
tistical validation.
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Chapter 1

Introduction

This thesis presents a structured approach to evaluating how different Large Language
Models perform in automatically generating BPMN(Business Process Model No-
tation) based on textual process descriptions in different forms. This methodology is
based on practical and comparative frame work of 15 BPMN exercises. All of those exer-
cises are identified by a scoring system to evaluate their difficulty levels in order to have a
broad range of exercises. The exercises are solved by four different Artificial Intelligence
models, ChatGPT (GPT-5), Microsoft Copilot, Google Gemini and DeepSeek.
Each model was prompted individually in .bpmn form to turn to a scheme in Camunda
Modeler and their outputs were systematically collected for evaluation.

To assess the quality of AI-generated diagrams, a multi-criteria scoring system
was developed that is focusing on key dimensions such as completeness, correctness,
style and clarity, BPMN syntax and similarity to reference.

This evaluation is not a one time output comparison but it is an iterative prompting
process using COPE method (Contextualizing Prompt-Based Evaluation). By
doing this, it was possible to refine the prompts and gain a more clear understanding of
how each model adapts to different task requirements.

The evaluation is conducted manually using a standardized matrix, ensuring consis-
tency and transparency in how the scores were assigned.

This methodology enables a fair and detailed comparison across models and at the
same time explores the potential of LLMs to support and automate structured process
modelling tasks.

The remainder of this thesis is structured as follows: In Chapter 2 Large Language
Models (LLMs) and Conversational Artificial Intelligence are introduced, together with
the theoretical backdrop and definitions of important software and process modeling con-
cepts and BPMN principles. Chapter 3 discusses the practical application of BPMN and
AI in process modelling, highlighting integration opportunities, challenges, and recent re-
search trends in AI-assisted modelling. The study’s methodology is presented in Chapter
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4, which includes information on the BPMN exercise dataset, the scoring schemes used,
and the statistical methods employed for assessment. Chapter 5 reports and interprets
the results, offering both quantitative and qualitative analyses of model performance,
followed by a discussion of broader implications. Finally, Chapter 6 concludes the study
by summarizing the main findings and suggests possibilities for future research.
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Chapter 2

Background

This chapter provides the theoretical and conceptual foundations of this study. It intro-
duces the fundamental principles of software and process modelling, outlines the role of
BPMN in representing business workflows and examines the recent integration of artificial
intelligence into process automation and model generation.

2.1 Definition of Software Modelling

The process of developing abstract, simplified representations of a software system or
component is known as modelling [19]. Software models help engineers, designers, and
both technical and non-technical stakeholders by transforming a complex system into
a simplified, visual and structured format to have a better and easier understanding,
planning, analyzing, and communicating the structure and behaviour of complex systems
before implementation begins. Modelling creates a universal language that facilitates
shared understanding for different roles in a project [11]. Essentially, software modelling
allows us to answer essential questions:

• What is the system supposed to do?

• How does the system organized?

• Who are the users and actors of the system?

• How does different components interact?

These questions guide how we structure system knowledge during early stages of
design.

In the past, writing code was the primary focus on software development, and only
relatively less attention was paid on structured documentation and high-level design.
This method became ineffective and prone to mistakes as the systems increased in size
and complexity.
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Nowadays, modern software engineering has a more model-driven approach, first
building models to capture the requirements and structure of the system and then trans-
lating those models into working code.

Recent studies in Model-Driven Engineering (MDE) by France and Rumpe [19] have
further reinforced the importance of software modeling, highlighting how high-level ab-
stract models can bridge the gap between problem domains and software implementa-
tions. By describing systems from multiple perspectives and at varying levels of ab-
straction, MDE approaches enable systematic transformations from conceptual models
to executable software, improving consistency, reducing errors, and supporting collabo-
ration among stakeholders [17,18].

Software modeling allows us engineers and designers to explore ideas, evaluate al-
ternatives, and define the expected behavior and structure of the system in a clear and
systematic way. It plays a fundamental role throughout the software development life
cycle, from requirement analysis and architectural design to validation, documentation,
and maintenance.

To ensure clear and consistent communication among such diverse stakeholders, visual
modeling languages such as UML (Unified Modeling Language) and SysML (Systems
Modeling Language) are widely used [22]. UML offers a collection of standardized diagram
types to model both the static and dynamic aspects of software systems. SysML builds
upon UML’s foundations, but expands its capabilities to represent non-software elements,
including hardware components, physical processes, and environmental constraints. This
makes it particularly suitable for interdisciplinary system design. Both languages provide
formal notations that help describe software architecture, logic, and behaviour across
varying levels of abstraction.

Different types of software models can be used depending on what they represent
[19,30]:

• Structural models (e.g., UML class diagrams): Describes the organization of the
system. It focuses on its components, data structures, and their relationships.

• Behavioral models (e.g., activity, sequence, or state diagrams): Focus on how
the system behaves over time, how processes evolve, and how components interact
dynamically.

• Functional models (e.g., data flow diagrams or use case diagrams): Focuses on
what the system does with inputs and outputs.

Each of these model types plays a crucial role in supporting core engineering practices,
such as:

• Requirements Analysis: This helps to better understand system limitations and
user needs in the early stages of design.
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• System Design and Architecture: Arranges system components and workflows.

• Risk Reduction: Helps to identify design flaws, inconsistencies in an early [11].

• Documentation and Maintenance: Provides a long-term reference for future
development to support and facilitate upgrades, troubleshooting, and new developer
onboarding [52].

• Communication: Enables stakeholders with different backgrounds to understand
and discuss the system design effectively [11].

The choice of modelling types depends on several factors:

• Project requirements: Includes the system’s domain, scope, and objectives.

• Scalability: The anticipated expected growth or evolution of the system.

• Tool complexity: The degree to which a modelling tool is easy to use, expensive,
or adaptable [52].

• Integration needs: The way the model works with other platforms, systems, or
formats.

As software continues to integrate with AI, embedded systems, cloud services, and
automation, modelling is increasingly essential for ensuring reliability, traceability, and
performance [57].

2.2 Definition of Process Modelling
Process modelling refers to the activity of representing the sequence of actions, deci-
sions, and interactions that define how a specific task or system operates. It creates a
visual and structured description of processes through diagrams so that the stakeholders
would be able to analyse, communicate and improve how a process unfolds [38].

A process is a chain of activies that transforms a defined input to an expected
output. These activities may include human actors, automated systems or a combination
of both of them. By modelling a process; engineers and analysts are able to capture not
only the flow of operations but also the rules, conditions, constraints and the roles that
are crucial for the system’s behaviour. It is useful to identify the inefficiencies, discovering
bottlenecks and also evaluate alternative paths within a workflow [37].

Process modeling is widely used in business process management, project man-
agement, software development and system optimization. Regardless of its scope,
its core value lies in providing a shared and common representation of how things
work, making it easier for teams to have a common understanding, evaluation and re-
design processes [36].
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A process model typically includes the different components, such as:

• Activities: The units of work performed in the process.

• Decision points(Gateways): Requirements or guidelines that determine which
path is followed.

• Events: Triggers that start, interrupt, or terminate the process.

• Flows: Arrows that shows the sequence of actions and data/information exchange.

• Actors: Entities (people, roles, systems) involved in the process.

Process models offer value both for technical and collaborative aspects of system devel-
opment. They contribute to clarity by making complex workflows more understandable
and easier to follow. They also serve as a reliable tool for documenting current or planned
processes, providing a reference that is both reusable and easy to interpret. Moreover,
modelling supports analysis and refinement by helping to identify inefficiencies or unnec-
essary steps that may hinder performance. These models can also be used in simulation
and validation scenarios, providing a way to validate process revisions prior to real-world
usage. Finally, process models enhance communication by establishing a common frame-
work that helps all stakeholders and engage with the system in a meaningful way.

Process models can represent both the current state (as-is) and a proposed expected
version (to-be) of a system. This dual perspective supports iterative improvement cycles
and data-driven decision-making, especially in complex systems where multiple actors
interact with changing requirements.

Among the various modelling notations available, BPMN (Business Process Model
and Notation) has has become a commonly used standard because of its balance of
formal precision and intuitive visual representation. It allows both technical and non-
technical users to engage with the process logic in a comprehensible way. BPMN diagrams
support different perspectives such as individual activities, end-to-end processes, inter-
organization interactions and they are frequently used in digital transformation initiatives
and automated process evaluation tools.

2.2.1 Definition, Characteristics and Notions of Business Process Mod-
elling

Business Process Modelling (BPM) is a specialized discipline within process modelling
that concentrates on evaluating, analysing, and enhancing the workflows and operations
within an organization. The main goal of BPM is to capturing the steps, roles, and rules
underlying business operations. By doing this, is creates visual representations that not
only reflect the day-to-day functioning of an organization but also serve as a basis for
strategic improvement and transformation.

At its core, BPM is about representing the flow of tasks, decisions, and interactions
that convert inputs into expected outputs as defined before. This is all about detailing
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the sequence of activities, the conditions under which different actions are triggered, and
the responsibilities of various organizational actors. By doing this, BPM bridges the gap
between high-level business strategy and operational execution, ensuring that each pro-
cess aligns with overall organizational goals [40,43].

Business process modelling is characterized by a number of distinctive features that
set it apart from other modelling practices [21]:

• Visual Clarity and Accessibility: BPM uses standardized graphical notations
suc as BPMN (Business Process Model and Notation) to illustrate business work-
flows [36]. These models are designed to be immediately understandable by man-
agers, analysts, and front-line employees alike, offering a clear picture of how tasks
are coordinated [38].

• Focus on Efficiency and Improvement: By emphasizing the documentation of
business activities, BPM supports the identification of redundancies, bottlenecks,
or areas of unnecessary complexity. This detailed insight paves the way for targeted
process redesign and continuous improvement initiatives.

• Iterative and Adaptive Nature: Effective BPM recognizes that business envi-
ronments are dynamic. Models are developed iteratively, refined based on opera-
tional feedback and market changes, which in turn facilitates agile responses to new
challenges.

• Alignment with Business Objectives: Beyond technical accuracy, BPM is fun-
damentally driven by the need to support strategic outcomes. Key performance
indicators such as cost reduction, quality improvement, customer satisfaction, or
regulatory compliance are ensured in every step of the process [20].

2.2.2 Common BPMN Elements

BPMN models are composed of elements that define the flow, structure and the interac-
tion between the participants in a process. Those are not only arbitrary symbols but also
these components form a formalized vocabulary that connects human understanding of
organizational activities with the logic required for machine-readable process execution.
In practice, they serve as the "building blocks" through which analysts model events,
actions, and decision mechanisms, ensuring that processes remain both interpretable and
executable across different tools and domains.The main BPMN elements are illustrated
in the figure below, which provides an overview of the core components.For a more deep
explanation, they are discussed individually, focusing on their purpose, notation, and role
in defining the logic of a process model [60].

• Events:
They are used to represent the moments that affect the progression of a process,
either by initiating it, interrupting it or concluding it. They act as signals that indi-
cate something of significant has taken place such as receiving a message, reaching a
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Figure 2.1. Common BPMN Elements

time limit or finishing an activity. The impact of each event on the process depends
on both its position within the workflow and the type of trigger it represents [11,44].

Start Event mark the point at which a process begins. They can occur without
any specific trigger or they can be triggered by a message, a timer, or an external
condition. They are drawn as circles with thin borders and serve as the entry point
for all subsequent activities

Intermediate Events occur during the execution of a process. They represent
delays, waiting conditions or communication exchanges. Common examples can be
Catching Intermediate Message Event, which pauses the flow until a message
is received and Throwing Intermediate Message Event, which sends a message
to another participant or process. They are crucial for modelling asynchronous
interactions and exception handling.

End Events are illustrated with thick border circles. They signal the termination
of a process or subprocess. Depending on their type, they may produce a message,
signal completion or trigger compensation mechanisms in other processes. Event-
based modelling allows BPMN to capture asynchronous interactions and exception
handling mechanisms that are common in distributed systems [50].

• Activities:
Activities represent units of work performed within a process, such as manual or
automated tasks. The most common form is task, they are drawn as a rounded
rectangle and they represent an steps that cannot be further decomposed. More
complex behaviours can be represented through subprocesses, that represents a
series of smaller activities within a hierarchical structure. This ensures scalability
and modularity of process models, which are crucial when analysing or automating
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workflows [11].

• Gateways:
They are used to control the splitting and joining of flows. They determine
decision points or synchronization mechanisms in the process. Exclusive Gate-
way(XOR), is represented by a diamond with an "X", which indicates that only
one of the outgoing paths will be selected based on a condition. Parallel Gate-
way(AND), is represented by a "+" symbol, that activates multiple paths simul-
taneously and allows for concurrent activities. These elements are fundamental for
modelling logical branching, synchronization and coordination among tasks. It also
enables a clear representation of alternative and parallel behaviours.

• Pools and Lanes:
They represent participants or organizational entities that are involved in the pro-
cess such as departments, companies or systems. Each pool can be divided into
lanes to specify internal roles or responsibilities. The interaction between pools
occurs through message flows, which signifies communication between independent
actors. This structural partitioning allows the model to have a collaborative process
while maintaining clarity between internal and external operations [44].

• Sequence Flows and Message Flows:
Sequence flow is represented by a solid arrow that defines the execution order
of tasks and events within the same pool. It captures the control flow, ensuring the
logical sequencing of process elements. On the other hand, message flows typically
drawn as dashed arrows with open arrowheads. They represent communication
between separate pools, highlighting an inter-organizational coordination.

• Data Objects:
They provide information about data that is required or produced by activities.
They indicate how data is created, transformed or consumed during process ex-
ecution. Their inclusion make the process models more complete by integrating
information flow, linking BPMN with data-centric process management [61].

2.2.3 Formats available for BPMN Diagrams

BPMN provides a standardized graphical language for modelling business processes. It is
intended to close the gap by providing a common standard for workflow representation.
One of BPMN’s most powerful aspects is its flexibility in providing multiple diagram
formats that each of them serving a specific modelling purpose and level of abstraction.

BPMN defines three main types of diagrams, each serving a specific modelling purpose
[20,37,40,43]:

• Process Diagrams: These are the most commonly used diagrams in BPMN. They
describe the internal sequence of activities that occur in a single business entity or
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participant. The diagram includes flow objects such as tasks, events, and gateways;
connecting objects such as sequence and message flows; and pools and lanes that
define who is responsible for each part of the process.

• Collaboration Diagrams: These diagrams extend process diagrams by focusing
on the interactions between two or more participants. Each participant is repre-
sented by a pool, and message flows between them to capture the communication
and data exchange. Collaboration diagrams are particularly useful for modelling
inter-organizational workflows or multi-role coordination.

• Choreography Diagrams: Unlike process or collaboration diagrams that focus on
the sequence of tasks, choreography diagrams describe how participants coordinate
by exchanging messages. Each activity in a choreography represents a message
exchange between two or more participants, showing who initiates the interaction
and who responds. These diagrams are useful for high-level modelling of contracts,
service-level agreements, or distributed systems.

These diagram formats, complement each other and can be used together to provide a
more complete view of a business process.
Flexibility is one of the main values that makes BPMN a powerful tool in both technical
and managerial contexts, it allows the same process to be viewed and analysed from
different angles depending on the needs of a user.

2.2.4 Syntax and Semantic Errors in Business Process Modelling

BPMN is a useful technique to improve organizational clarity, communication and process
efficiency [4]. However, the effectiveness of BPMN does not depend only on if a model
is visually complete but also on if it correctly reflects the intended process logic. The
identification and management of "errors" plays a central role in ensuring the quality
and reliability of business process models [10, 24]. There are two type of errors, Syntax
Errors and Semantic Errors [3, 15,33,36,38,42].

Syntax Errors

Syntax errors are structural errors that occur when the formal rules defined by the
BPMN specifications are broken. BPMN has strict guidelines for how elements such
as tasks, events, gateways, and flows can be combined, so when these rules are broken
the diagrams may be rejected by BPMN modelling tools or can be misunderstood by
stakeholders. Errors in modelling may lead to:

• Incorrect automation logic that results in implementation failures.

• Miscommunication between teams, especially in cross-functional or distributed en-
vironments.
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• Compliance issues, particularly in regulated industries where precise documentation
is critical.

• Inefficient process improvement, as flaws in the model and blocks an accurate anal-
ysis.

Typical syntax errors that can be given as example are:

• Improper connections: Connecting a message flow between elements in the same
pool, which is not permitted. BPMN permits to use message flows for inter-actor
communication. Using them internally interrupts the communication model and
can and mislead both technical and non-technical stakeholders [15].

• Missing or misplaced events: A process model that starts with a user task but
has no start event or ends with a task without an end event. Without clear start/end
points, the process has no defined boundaries which makes simulation and execution
ambiguous or impossible.

• Incorrect usage of gateways: Using an exclusive gateway (XOR) to split the
flow, but failing to include outgoing conditions for each branch. Misuse of gateways
leads to unclear or incorrect decision logic, which may cause multiple paths to
execute unexpectedly or none to execute at all.

• Unconnected elements: A user task floating in the diagram without any in-
coming or outgoing sequence flows. Elements that are not connected to the main
process flow serve no functional purpose and reduce the overall clarity of the model,
potentially leading to misinterpretation by stakeholders and inconsistencies during
validation.

Semantic Errors

Semantic errors are more subtle and involve a mismatch between what the model
shows and what the process is supposed to represent. They occur when the process
model fails to accurately represent the intended logic or real-world behaviour of the
business process, although structurally correct. A semantic error arises when the diagram
describes is not what the process is actually meant to do. This can lead to confusion,
incorrect assumptions, or even process failures.

Typical semantic errors that can be given as example are:

• Ambiguous process logic: An exclusive gateway (XOR) that splits into two
branches, but without clearly defined conditions for each path. Ambiguity can lead
to unpredictable behavior during automation and uncertainty among users about
which path will be followed.
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• Incorrect task allocation: Assigning responsibilities to the wrong pool or lane,
which misrepresents who is in charge of a particular activity. Incorrect task place-
ment can confuse stakeholders, cause friction in cross-functional collaboration, and
distort accountability within the organization [42].

• Misplaced event types: Using a signal event where a timer or error event is more
appropriate. Incorrect event selection distorts the scope of the error or message,
leading to execution errors or miscommunication during design reviews.

2.2.5 Evaluating BPMN Diagrams

Evaluating BPMN diagrams is not a trivial task. Their assessment requires a multi-
dimensional analysis that takes into account both the structural components and
semantic correctness. Structural components consist of tasks, gateways and flows
and on the other hand semantic correctness consists whether the diagram accurately
represents the intended logic. Over the years, there have been various proposals as
an evaluation criteria to assess the quality and usefulness and they typically focused on
completeness, correctness, style and clarity, BPMN syntax and similarity to
reference.

In order to evaluate BPMN diagrams systematically, it has been highlighted in the
literature in both structural and cognitive dimensions that affect the model quality and
comprehension. In ("Factors of Process Model Comprehension-Findings from a Series of
Experiments", Jan Mendling, Mark Strembeck, and Jan Recker (2012)) [38], it has been
explored how the various characteristics of the process models influence the ability of users
to correctly interpret them. Empirical findings from the study show that comprehension
is impacted by factors such as model complexity, structuredness, and degree of
modularization. According to these findings, models that are logically organized and
well-structured increase understandability, clarity, readability, and naming consistency in
model evaluation.

Additionally, the article ("Quality Metrics for Business Process Models" by Irene
Vanderfeesten, Jorge Cardoso, Jan Mendling, Hajo A. Reijers, and Wil van der Aalst
(2007)) [55] proposes a more formalized set of quality dimensions and measurable metrics
for process models. With this framework; syntactic correctness, completeness, un-
derstandability and modularity are considered as critical evaluation constraints.
These metrics support the correctness of BPMN syntax but also address how intu-
itively a model communicates its process logic with stakeholders. These works underline
the importance of evaluating BPMN diagrams using a comprehensive and multi-
dimensional approach that makes us able to look at the full picture.

In this thesis, rather than relying on formal mathematical methods, we adopted a
more practical and human-centered evaluation approach. It is based on visu-
ally observable criteria and qualitative analysis, which reflects the way BPMN diagrams
are reviewed and interpreted by stakeholders, technical teams, and AI systems more
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accurately. This work offers a more practical and realistic framework for comparing AI-
produced process models to the original solutions by emphasizing how understandable,
accurate, complete, and clear the generated diagrams are. [3, 25,35,45,46,48,55]

2.3 Large Language Models and Conversational Artificial
Intelligence

The development of Large Language Models (LLMs) is a turning point in the evolution
of Artificial Intelligence, because it shifts the paradigm from task-specific algorithms to
general-purpose, language-driven systems. LLMs have significantly advanced ability of
machines to process, generate and interact through human language with a fluency that
used to be considered as unattainable [1, 53]. LLMs are capable of performing a wide
range of natural language processing tasks with minimal task-specific tuning because
they are built upon massive datasets and sophisticated neural architectures [36,38].

Conversational Artificial Intelligence is one of the most impactful applications of LLMs
considering that it is used to design machines to engage in dynamic, context-aware dia-
logues with users. With the conversational use of LLMs, a language which is more fluid
and contextually appropriate is more present and it leads to more natural and human-like
interactions compared to the systems in the past that relies on rigid decision trees and
manually programmed responses.

2.3.1 Introduction to Large Language Models (LLMs)

Large Language Models (LLMs) represent a significant growth in the field of Natural
Language Processing (NLP). These models are based on deep learning architectures that
enable them to process and generate human-like text by learning from massive amounts
of data. The term large describes both the quantity of data and the number of parameters
included in the models.

LLMs are fundamentally built to predict what word should come next in a sentence,
but because of their large size and advanced design, they are capable of doing much
more than just completing sentences. They are capable of task such as translation, sum-
marization, question answering, sentiment analysis and coding assistance without being
explicitly programmed. This ability is known as emergent behavior, where complex skills
arise from general-purpose training [6].

LLMs learn representations directly from raw text data, however the traditional rule-
based systems or earlier machine learning models relied on feature engineering; the process
of selecting, transforming or creating relevant input variables from raw data to improve
the performance of machine learning models. With this ability, the generalization across
the domains and tasks are more flexible. Furthermore, LLMs can be adapted to specific
applications without retraining from scratch by using techniques such as pre-training and
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fine-tuning which reduces the need for domain-specific datasets.

Recent generations of LLMs, have shown that scaling model size and training data
leads to significant improvements in language understanding and generation [1]. As we
can see from these capabilities, LLMs form the technological foundation of many modern
conversationsal AI systems. As mentioned in the work by Brown et al. (2020) [6], the
development of GPT-3 demonstrated that a sufficiently large and well-trained language
model could exhibit few-shot or even zero-shot learning abilities, making them increas-
ingly accessible for a wide range of use cases [53].

2.3.2 Conversational Artificial Intelligence: Overview of Tools and Plat-
forms

Conversational Artificial Intelligence (AI) has evolved from simple rule-based dialogue
systems to complex, language-aware platforms powered by Large Language Models (LLMs).
These systems are designed to understand the natural language inputs, maintain a co-
herent dialogue over time, and respond in a way that it feels intuitive and human-like. A
new generation of tools and systems has evolved to operationalize LLMs across industries
and user scenarios as their size and capabilities have increased.

There are many examples of platforms that are used daily for various purposes:

• Google Gemini: It is the latest evolution in Google’s AI infrastructure. It is de-
veloped by DeepMind and it is a multimodal LLM, which is able to understand and
generate multiple types of input/output data such as code, images and structured
data. It can support complex reasoning tasks and it is optimized for enterprise inte-
gration through Google Cloud and Vertex AI. Gemini also enables the development
of assistants and agents that can perform nuanced tasks such as summarization,
coding help, document parsing and as we are mentioning in the title, conversa-
tional interaction due to its rich contextual understanding.

• Google Dialogflow: It is another AI developed by Google, however it is serves
with a different aim. It is a tool that has been designed specifically for structured
conversational interfaces. Instead of relying on language models for dynamic gen-
eration, Dialogflow structures conversations by using intents, entities and context
management. It is a tool that can be a good fit for use cases such as help desks,
filling forms and guided troubleshooting, where precise answers and step-by-step
support are more valuable than linguistic flexibility.

• OpenAI ChatGPT: It is a highly flexible and conversational platform. It has
become the most noticeable example of general purpose conversational AI because
of its abilities of human-like interaction, maintain context across turns and inter-
actions with web browsing, plugins and file analysis. ChatGPT is designed around
adaptability instead of pre-defined logic trees which gives it the flexibility and also
making it suitable for personal assistants, creative writing, education and research
support.
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• Anthropic Claude: It is a model that mainly focuses on alignment and safety
and consequently, introduced a safety-first idea to Conversational AI. Its cautious
and explainable outputs make it especially appropriate for enterprise environments
where safety, compliance and reasonings are critincal. It emphasizes alignment with
human intentions, reducing hallucination and maintaining transparency in reason-
ing. It operates well in summarization, factual retrieval and high-level reasoning of
the tasks.

• DeepSeek:It is a relatively newer LLM framework from China and it offers powerful
language understanding and generation capabilities. It has trained with multilin-
gual datasets with a focus on performance in both Chinese and English. It has
been released in two primary forms of base models and instruction-tuned models.
The base model is focused on general-purpose datasets to predict the next word in
a sequence, learning grammar, syntax and factual associations. However it doesn’t
behave interactively and because of this reason, the base models followed a fine-
tuning process as instruction tuning where they are trained on datasets consisting of
prompts and responses. With this improvement, the model also gained the ability
to better understand the user intent and generate more useful answers and made
the model more conversational-friendly.

• Copilot: It is an AI-powered code assistant developed jointly by GitHub and Ope-
nAI. It mainly assists developers by suggesting them contextually relevant code
completions, generate functions and test cases so to reduce their routine workload
and improving their productivity. Copilot’s conversational interactions are mostly
focused on code contexts by adapting developer’s style and intent through interac-
tion. It shows how LLMs are reshaping human-computer interfaces, especially in
professional and domain-specific applications.

2.3.3 Benefits and Limitations of Conversational AI Technologies

Conversational AI technologies are transforming the way humans interact with machines.
These systems are integrated into both consumer and enterprise environments thanks
to their ability to generate human-like responses, utilizing natural language and provid-
ing context-aware assistance. On the other hand, conversational AI brings significant
advantages but also introduces remarkable limitations and risks that must be carefully
considered [53].

Benefits:

• Scalability and Availability: Conversational AI systems can handle thousands
of simultaneous user interactions without any fatigue or delay, anywhere, during
any time of the day. This scalability makes them ideal for information services,
customer support and education where consistent and timely responses are crucial.

• Accessibility and Inclusivity: Conversational AI systems enable access to infor-
mation and services for people who may face barriers with traditional interfaces such
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as individuals with visual impairments, limited literacy or language barriers. Voice
enabled assistants and multilingual models widen the accessibility to everyone.

• Cost Reduction: Automating repetitive tasks and routines with conversational
AI systems can significantly reduce the operational costs for businesses and also for
people in their daily lives.

• Personalization: Advanced models of conversational AI systems can generate
responses based on user history, context and preferences. It makes interactions
more meaningful, appealing and engaging. This is especially suitable for education,
healthcare and e-commerce sectors.

Limitations:

• Bias and Fairness Issues: LLMs are trained on massive internet data, they
can also reflect or even exaggerate societal biases in the training material. This
reflects with ethical challenges in ensuring fairness, especially when the models are
consulted in sensitive purposes such as recruitment, law or healthcare.

• Inaccuracies: One of the key technical limitations is the generation of incorrect
or fabricated informations. This would sabotage the trust and may result in misin-
formation if it is not properly managed.

• Lack of True Understanding: Despite their potential, current models lack true
comprehension and reasoning. Instead of using conscious interpretation, their out-
puts are based by statistical patterns, which may result in responses that are unclear
or inappropriate for the setting.

• Data Privacy and Security: Conversational systems that handle personal or
confidential data introduce privacy concerns. Improper handling of inputs or inte-
gration with insecure third-party systems may expose sensitive user information.

• Dependence on Training Data: The performance of conversational AI models
is limited by the quality and scope of the data they are trained on. In domains with
low digital representation, these systems may underperform or provide irrelevant
information.

• Over-Reliance and Misuse: As conversational AI tools become more popular
and universal, there is a growing concern about over-dependence on AI for tasks
requiring human judgment, empathy, or ethical reasoning. Additionally, there is
potential for misuse, such as generating fake content, impersonation, or misinfor-
mation

2.3.4 Ethical and Societal Implications of AI Systems

As artificial intelligence systems become increasingly integrated into daily life, their ethi-
cal and societal implications attracted attention from researchers, developers and policy-
makers. Conversational AI interacts directly with individuals and can influence decision-
making processes. This direct interaction strengthen the idea of limitations that was
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previously discussed. Issues such as bias, privacy risks, lack of transparency and misuse
are not only technical challenges but also ethical since they shape decision-making, influ-
ence behavior, and may reinforce existing social inequalities [9, 39]. The ethical point of
view of conversational AI extends beyond the system performance since it involves ques-
tions of value alignment, inclusivity and the prevention of harm. The European Commis-
sion’s High-Level Expert group on AI has highlighted that, trustworthy AI must adhere
to principles such as fairness, accountability, and transparency, especially when systems
are deployed in sensitive domains like healthcare, education, or justice [13]. Regulating
ethical standards at every stage of the AI lifecycle, from data collection to deployment,
becomes more necessary as technology continues to improve and evolve. It is crucial to
design these systems responsibly, apply clear regulations such as the EU AI Act and en-
courage cooperation between experts from different fields, to ensure that conversational
AI respects human values and benefits society.
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Chapter 3

Applications of BPMN and AI in
Process Modeling

In this chapter, we explore how Business Process Model and Notation (BPMN) is applied
in real-world contexts and how Artificial Intelligence (AI) is increasingly being employed
to support and automate process modelling activities. With order we firstly explained the
practical applications of BPMN across different industrial and service domains, followed
by AI-assisted BPMN modelling and finally we have reviewed the previous academic stud-
ies and research trends to also motivate the analysis we have followed in the methodology
chapter.

3.1 BPMN Applications in Practice

Business Process Model and Notation (BPMN) has become one of the most impor-
tant standards for documenting, analysing and automating organizational workflows
across industries. It has developed and maintained by the Object Management Group
(OMG). The primary strength of BPMN is to provide a shared visual language,
unified graphical notation, that bridges the gap between business stakeholders and
technical developers. This fact enables both groups to describe processes in a structured
and intuitive way [44].
This duality is precisely what makes BPMN an essential player of Business Process Man-
agement, which is a discipline that aims to analyse, optimize and automate processes to
increase organizational efficiency and transparency [11].

The key strength of BPMN lies in its standardized vocabulary of elements such as
events, activities, gateways and flows that allows complex processes to be expressed in
a structured way to be interpreted consistently across different departments or organiza-
tions. In practical terms, BPMN acts as a bridge between business users, who focuses on
the understanding of what the process does and also; IT Professionals, who are responsible
for implementing it. Through its clear syntax and semantics, BPMN facilitates commu-
nication, reduces misinterpretation and enables the deployment of executable workflows
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within process automation engines such as Camunda, Signavio, Bizagi, or IBM Blueworks
Live.

3.1.1 Applications Across Sectors

The adaptability and flexibility of BPMN has made it a widely used standard across
different industries and application areas [11,44]. For instance, in the manufacturing in-
dustry, BPMN is used to model production sequences, material flow and quality control
loops which is often used as a foundation for process simulation and automation. In
service-oriented sectors, BPMN supports the optimization of customer interactions, from
order placement sand fulfilment to feedback collection. Public administrations and regu-
latory institutions employ BPMN to model approval procedures, document workflows and
compliance processes. As a consequence the traceability and transparency improves.In
healthcare, BPMN diagrams help formalize complex procedures such as patient admis-
sion, medical examination and treatment pathways where clarity and coordination among
different actors are essential. Similarly in logistics and transportation, BPMN is widely
used to represent order management, delivery scheduling and customs clearance to help
organizations identify bottlenecks and streamline international operations [11].
These examples show that BPMN is not limited to a single industry or process type
but instead it provides a universal modelling framework that is capable of describing
processes with varying complexity. Covering both human-driven collaborative workflows
and fully automated operational processes. Its flexibility also allows it to be adapted to
both routine and exceptional processes, and it enables organizations to model everyday
administrative operations as well as high-risk, time-critical activities.

3.1.2 Role of BPMN in Digitalization and Process Automation

BPMN plays a central role in the context of digital transformation. As organizations shift
toward data-driven management increasingly these days, BPMN provides the necessary
link between human decision-making and automated information systems. The
notation not only supports the documentation of current workflows but it also enables
process execution and monitoring when it is integrated with Business Process Manage-
ment Systems(BPMS). Through model driven architectures, BPMN diagrams can be
automatically transformed into executable workflows where it is connected to real data
streams and analysed to identify performance bottlenecks or compliance issues [62].

In this sense, BPMN acts as both a design tool and a strategic instrument for
process optimization. It allows organizations to experiment with new process configura-
tions, assess their impact on performance indicators and continuously improve operational
efficiency. BPMN is also used as a reference model combined with modern process min-
ing techniques, which real executing data can be compared and enabling data-informed
redesign of business operations [54].
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Artificial intelligence is assisting the development and improvement of BPMN models
as digital technologies advance. Recent improvements in natural language processing,
process mining and large language models have made it possible to generate BPMN
diagrams automatically from textual process descriptions or event logs [5, 59].

AI-driven tools can also be used to determine what is lacking, make suggestions for
improvements, and assess the rationality of current models. This development is part
of a larger movement toward AI-assisted process modeling, where BPMN serves as an
interface for intelligent systems that can reason, learn, and work with human modelers
in addition to representing processes.

3.2 AI-Assisted BPMN Modelling

Artificial Intelligence (AI) is playing an expanding role in transforming how organizations
design, analyze and optimize their business processes. Traditional process modelling, that
was used to be a fully manual activity that requires an expert interpretation of textual
descriptions or stakeholder interview, is now becoming a partially or fully automated
through AI-driven tools. These systems combine techniques from natural language pro-
cessing (NLP), process mining and machine learning to extract process information, de-
tect relationships among activities and produce BPMN diagrams that are syntactically
valid and semantically meaningful [11, 57, 59]. The introduction of AI into process mod-
elling addresses one of the field’s endless challenges: The translating of unstructured
knowledge into formal process representations.

Business analysts typically describe processes in natural language, that can cause
ambiguity, redundancy or domain-specific terminology [12]. AI models, especially those
that are based on NLP and large-scale language architectures, can interpret these tex-
tual descriptions, identify processes entities such as tasks, events and gateways. As a
consequence generate and initial BPMN structure automatically [29].

This automation does not only accelerates the modelling but also at the same time
reduces the cognitive effort required from human experts, who can focus on validating
and refining models rather than building them from scratch.

3.2.1 Integration of AI Technologies

Rule-based systems and process mining algorithms that recreated workflows from event
logs were the foundation of early AI-assisted techniques. Although these methods are
good at recognizing task sequences, their semantic comprehension is constrained. The
recent emergence of Large Language Models (LLMs) represent a major leap forward.
LLMs possess the capacity to reason over long textual contexts, identify process patterns
and produce structured XML outputs that are compatible with BPMN standards. This
capability allows them to act as intelligent assistants that are capable of generating,
explaining or correcting BPMN models through conversational interfaces.
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For instance, in the case that a user provides an unstructured textual description which
outlines the sequence of actions, decisions, and interactions within a process; the model
can generate a syntactically coherent BPMN diagram that identifies the relevant events,
actors, and gateways. In more complex processes that involve multiple participants or
simultaneous operations, AI systems can represent interdependent tasks and communica-
tion flows that would typically need human interpretation. This illustrates how AI-driven
modeling may successfully support both human-oriented and system-oriented workflows,
facilitating the shift from informal descriptions to standardized process representations.

3.2.2 Benefits and Opportunities

The adoption of artificial intelligence in BPMN modelling offers several concrete advan-
tages that enhances both efficiency and reliability in process design. These benefits are;
Reduction of Modelling Time where AI significantly accelerates the process of dia-
gram creation by identifying the activities, events and decision points automatically from
textual descriptions. This allows for rapid prototyping and iterative refinement of process
ideas and reduces the manual workload traditionally required from human modelers. Im-
proved Accessibility, because through natural language interaction, AI systems make
BPMN modelling more accessible to non-expert, daily users. Individuals without tech-
nical backgrounds can describe processes in plain language and obtain coherent BPMN
diagrams while broadening participation in process design and fostering organizational in-
clusivity. Enhanced Consistency and Scalability because models that are generated
by AI tools follow standardized structures and formatting conventions and reducing the
variability introduced by human subjectivity. This uniformity supports large-scale pro-
cess documentation and ensures that multiple models across an organization to maintain
a consistent level of quality and interpretation. Error Detection and Optimization
because AI-assisted systems can automatically identify logical inconsistencies, redundant
elements or missing connection within BPMN diagrams.

By flagging structural errors and suggesting improvements, these tools contribute to
higher model quality and more robust process automation readiness.

3.2.3 Challenges and Limitations

Despite these advantages, current AI-based BPMN modelling still faces limitation prob-
lems. For example LLMs, may produce diagrams that are syntactically correct but se-
mantically inconsistent, with misplaced gateways or events due to lack of domain context.
Moreover, since AI outputs are highly dependent on prompt structure and input quality,
small variations in the wording can lead to significantly different models. The proba-
bilistic nature of model generation also introduces variability and reproducibility issues
which make consistent evaluation difficult. Finally, concerns about how transparent and
explainable AI-generated models remain important since the users must understand the
logic behind these models when they are used in real business contexts [57].

In summary, AI-assisted BPMN modelling represents a rapidly evolving research
area that blends linguistic intelligence with process-engineering expertise. It
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promises faster and more accessible process design but it still requires systematic evalu-
ation to determine accuracy, reliability and domain adaptability.

3.3 Previous Studies and Research Trends
Recent academic works have examined how artificial intelligence can enhance or automate
the process modelling activities. While the previous section outlined the conceptual role
of AI in BPMN generation, in this part we mostly focus on existing studies and method-
ological developments. The literature can be categorized into three research directions:

• Data-Driven Process Discovery

• Natural Language-based Model Generation

• Large Language Model-assisted BPMN Automation

Together these studies demonstrate the growing integration of AI in Business Process
Management, yet they also reveal clear gaps in evaluation consistency and methodological
robustness.

3.3.1 AI and Process Mining

Process mining represents one of the earliest intersections between artificial intelligence
and Business Process Management, that focuses on reconstructing workflows from digital
event logs [54].

These methods use data-driven algorithms to interpret process models by identify-
ing sequences and dependencies between recorded events. Over time, AI and machine
learning techniques have been incorporated into process mining to improve prediction,
anomaly detection and decision support [14].

Even if process mining offers valuable insights into how processes are actually exe-
cuted, it relies on structured event data and therefore it does not address conceptual
modelling or translation of textual knowledge into BPMN diagrams. For this reason,
it serves as an important precursor to AI-based BPMN generation but not as a direct
competitor.

3.3.2 Natural Language Processing for BPMN Generation

A second research direction applies Natural Language Processing (NLP) to extract pro-
cess information directly from textual descriptions. Early frameworks, employed syntactic
and semantic rules to identify activities, actors and dependencies converting these lin-
guistic features into BPMN constructs. While it was effective for small, well-structured
texts, rule-based systems lacked generalization and scalability.

Recent studies have replaced deterministic parsing with neural and transformer-based
architectures, that are capable of learning process structures from larger and more diverse
textual datasets [2].
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This evolution has made it possible to handle domain-specific terminology, ambiguous
instructions and longer contextual dependencies that paves the way for more autonomous
forms of BPMN generation. However, these approaches still depend heavily on high-
quality training data and often require a post-processing to correct syntactic or logical
inconsistencies.

3.3.3 Large Language Models and BPMN Automation

The introduction of Large Language Models has opened a new phase of research into
AI-assisted process modelling. Unlike earlier NLP methods, LLMs can interpret com-
plex instructions, reason across sentences and generate structured outputs in BPMN-
compatible XML. Several recent studies [26,32,57] conceptualized large language models
as intelligent process-design assistants that can automatically generate, refine and opti-
mize BPMN diagrams.

LLMs can also integrate feedback loops through prompt refinement or user inter-
action to progressively improve model accuracy. Still, the research so far has focused
on individual model evaluations or isolated case studies, also often in specific domains
such as healthcare, logistics or education.

Only a few studies have attempted to compare multiple models or apply quantitative
methods to validate results, which limits the generalizability of current findings.

3.3.4 Evaluation Frameworks and Methodological Gaps

One of the key challenges in this research field is the lack of standardized evaluation
criteria. Different studies use heterogenous metrics that ranges from syntactic validity to
readability or subjective accuracy that hinders cross-comparison [41].

To improve the methodological consistency, several frameworks have been proposed
for evaluating AI-generated process models. These frameworks emphasize reproducibility
and prompt design control, as well as alternative methods focusing on syntactic correct-
ness, semantic adequacy, or expert-based validation [32,56].

While these frameworks represent a step toward standardization and methodological
consistency, most existing studiers still rely on qualitative or expert-based evaluations
and often lack in quantitative validation to justify their conclusions. This ongoing limita-
tions emphasizes the need for mixed-method evaluation approaches that integrate human
judgement, structured scoring system and statistical verification, which is in the end an
approach that is adopted in this study [51,56].

3.3.5 Research Gap and Contribution of this Study

Despite the literature’s clear progress in combining AI and BPMN, there are still a number
of gaps:
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• Comparative analyses across multiple AI systems are rare, most studies
examine only a single model or prompt configuration

• Evaluations often lack a diverse set of process domains, reducing the
applicability of results to real-world BPMN scenarios

• Only few works include quantitative or statistical validation, leaving
many findings in a descriptive level

Building upon these observations, the current study uses a methodical and compar-
ative approach to address the limitations in earlier researches. This study evaluates
multiple AI systems across a diverse set of BPMN exercises that represent different orga-
nizational sectors and process types. To be able to assure methodological accuracy, We
have employed a structured scoring mechanism, backed by quantitative validation, which
will be covered in further depth in the upcoming chapter.
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Chapter 4

Methodology

This chapter describes the used methodological framework to evaluate the capability of AI
systems in generating BPMN diagrams. It explains the structure of the study, including
the preparation of the dataset, the definition of the scoring systems, the experimental
setup for testing different AI models, and the statistical methods used for analysis.

4.1 Study Framework and Dataset Preparation
To explore the capabilities of artificial intelligence in BPMN diagram generation, a struc-
tured dataset of modelling exercises was gathered as the foundation of this study
with a goal of creating a diverse collection of scenarios. To better interpret the difficulty
of exercises, we have introduced a custom scoring system.

4.1.1 Exercises

As mentioned earlier; the study began with the premise that evaluating the performance of
artificial intelligence in BPMN diagram generation requires a structured, meaningful,
and diverse dataset of exercises. Instead of relying on precompiled or standardized
collections, a set of 16 BPMN exercises were gathered manually through online research
and publicly available sources.

Each exercise was selected to reflect a different conceptual layer of process modelling,
ensuring variation of conceptual and technical depth, to evaluate the capabilities of AI
models in generating high-quality BPMN diagrams. The goal was to assemble a dataset
which was also a representative of real-life scenarios.

The search process involved exploration of online academic resources, BPMN train-
ing platforms, educational blogs and community forums. When choosing the exercises,
attention was paid to:

• Complete Problem Description: Exercises needed to include a sufficient de-
scription to enable BPMN diagram creation without interpretative assumptions.
To guarantee clarity in the evaluation process, exercises with imprecise specifica-
tions or unclear modeling assumptions were eliminated.
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• Realistic Scenario: The scenarios that were selected had a variety of domains
such as retail, logistics, healthcare to allow better relatability to daily examples.

• Well-Defined Solution: Each exercise had a correct and valid BPMN solution
that is provided directly with the exercise itself. It had also been used as a reference
during the evaluation phase.

• Coverage of BPMN Elements: The dataset included tasks that require use
of various core BPMN elements such as gateways, pools, messages. This made it
possible to evaluate AI performance over the entire range of the notation.

The selected exercises reflect a wide range of conceptual and technical modelling chal-
lenges. Some of them have a basic process sequence and decision-making using gateways,
some of them incorporate more advanced elements such as message flows, lane/pool in-
teractions. This diversity allowed the evaluation to test the AI model’s ability across
different levels of BPMN complexity.

The following figure 4.1 provides an example of one of the BPMN solution, Hiring
Process [23], also used for our evaluation:

Figure 4.1. BPMN Exercise Solution Example, from Gdowska et al. [23].
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Diversity of BPMN Scenarios in this Study

The BPMN exercises used in this study reflects this diversity of real-world applica-
tions [11, 44]. The dataset of 15 different processes was deliberately designed to con-
tain multiple sectors and process categories, ensuring that the evaluation of AI-generated
BPMN diagrams are not biased towards a specific domain or workflow structure [59].This
scenarios include:

• Service and Administrative Processes:

Table Service Collaboration, Signature Regulation, and Hiring Process. It empha-
sises coordination among human actors and decision-making steps.

• Operational and Project-Oriented Processes:

Project Implementation, Job Scheduling, and Maintenance. It involves structured
task sequencing, dependencies and feedback loops.

• Industrial and Production Contexts:

Mine Blasting Process and Bill of Materials. It mostly focuses on material flow,
safety controls and process dependencies.

• Logistics and Supply-Chain Processes:

Placing an Order and International Transport of Goods. It highlights interactions
between multiple organizations and cross-border activities.

• Healthcare and Emergency Managements:

Hospital Treatment Process and Fire Extinguishing Collaboration Model. In these
kind of cases, timing, coordination and event handling are critical to success.

• Support and Travel-Related Processes:

Business Trip. It involves approval, resources allocation and repeating workflows.

This sectoral variety mirrors how BPMN is used in practice across industries, functions
and organizational levels. It also strengthens the evaluation presented in this thesis by
also exposing AI models to different modelling challenges such as:

• Structured vs Unstructured Descriptions

• Human vs Automated Tasks

• Sequential vs Collaborative Activities

By doing so, the dataset captures the heterogeneity of BPMN applications in contempo-
rary organizations and provides a realistic test base for AI-based process modeling.
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4.1.2 Scoring System

To ensure a systematic and objective classification of BPMN exercises according to their
level of difficulty, we have created a unique scoring system. The aim of this system is to
evaluate each exercise with a predefined set of constraints that represent both structural
and semantic elements of process modelling.

By using this system, the qualitative indicators such as ambiguity, context and dia-
gram size can be translated into a quantifiable score that allows consistent classification
across all of the exercises.

Each exercise is evaluated using nine different constraints and each constraint is scored
on a scale from 1 to 5, with 1 representing a low level of complexity and 5 representing
very high complexity.

The final scores are also determines the difficulty level of the exercises, that is grouped
into five different levels from very easy to very hard. This structured classification sup-
ports a more fair benchmarking of the generated solutions. The constraints and scoring
criteria for BPMN exercise complexity evaluation are shown in Table 4.1.

To translate the cumulative scores from the evaluation we have concluded using the
constraints, into an intuitive difficulty level, we have defined five categories:

• Level 1-Very Easy (9-14 points): Very short, clearly worded exercises with few
BPMN elements. It usually involves a single pool, no loops or message flows, and
minimal ambiguity.

• Level 2-Easy (15-20 points): It is slightly more complex than Level 1. It uses
basic gateways, 1-2 pools, small diagram sizes, and limited interpretative effort
required

• Level 3-Medium (21-28 points): It is a moderate-sized diagram including loops
or message flows. It has some ambiguity or it can require interpretive assumption.
It involves 2-3 pools and a wider range of BPMN elements.

• Level 4-Hard (29-36 points): There are more pools and lanes, more intricate
logic, and a wider range of element kinds in this rather larger diagram. Moderate
domain expertise can be necessary.

• Level 5-Very Hard (37-45 points): This level of exercise includes extremely
complicated structures like several pools, nested loops, domain-specific vocabulary,
sophisticated event handling, and considerable ambiguity. Significant modeling
ability and contextual knowledge are required for these assignments.

After the scoring criteria and the difficulty levels established, the scoring system was
applied to all of the exercises in the dataset. Each exercise was individually evaluated
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Constraint Description 1 2 3 4 5

Length of
the exer-
cise

Number of words in the tex-
tual description. Longer
texts increase cognitive load
and scenario complexity.

≤150 151–200 201–250 251–300 ≥301

Number
of BPMN
Element
Types

Variety of distinct BPMN el-
ements (tasks, events, gate-
ways, pools, subprocesses)
needed to model the sce-
nario.

1–2 3 4 5 ≥6

Number
of Gate-
ways

Decision points in the pro-
cess. More gateways in-
crease control flow complex-
ity.

0–1 2 3–4 5–6 ≥7

Clarity of
Wording

Degree of explicitness in the
exercise text. Ambiguity in-
creases modeling difficulty.

Fully ex-
plicit

Minor
unclear
point

Several
implicit
steps

Conflicting
or miss-
ing info

Highly
ambigu-
ous

Domain
Knowl-
edge
Needed

Amount of external knowl-
edge required to understand
the scenario.

Generic
process

Simple
scenario

Common
business

Technical
domain

Specialized
domain

Expected
Diagram
Size

Total number of BPMN el-
ements; larger diagrams im-
ply greater complexity.

≤5 6–8 9–12 13–15 ≥16

Number
of Pools
& Lanes

Number of participants or
departments represented.

1 2 3 4 ≥5

Cross-
Boundary
Interac-
tions

Message flows across pools;
more interactions increase
coordination complexity.

None 1 2–3 4–5 ≥6

Loops &
Iterations

Presence of repeating or
cyclic behavior in the pro-
cess.

None Simple
loop

Structured
loop

Nested
loops

Complex
or event-
based
loops

Table 4.1. Constraints and scoring criteria for BPMN exercise complexity evaluation.
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across defined constraints and it resulted in a total score that reflects its overall com-
plexity. This categorization is not only supported consistency during evaluation but also
helped the understanding of how AI models perform across varying degrees of modelling
difficulty. The analysis provide an objective and structured way to observe how AI per-
forms across varying levels of complexity, revealing both its strengths and weaknesses in
handling different structural and contextual challenges.

4.2 Prompt Design

The success of Large Language Models depends heavily on how the user formulates the
prompts, which is also known as prompt engineering. Instead of simply asking a ques-
tion, it requires to create inputs that guide the model to producing accurate, structured
and relevant outputs particularly in domain-specific tasks like process modelling [47].

Prompt engineering can be considered as an alternative to fine-tuning, allowing pre-
trained models to be adapted for new tasks through input design without retraining
the model itself [34]. As mentioned before, a prompt is more than a question. It is
a structured instruction that sets context, format and expectations for the model’s re-
sponse. Prompts relies on specificity, clear formatting, step-wise decomposition
and iterative refinement [58, 63].

In this study, prompt engineering played a crucial role evaluating the capabilities of
different LLMs to generate accurate BPMN diagrams. One of the challenges was also to
assess whether the models could understand a textual description but also if they could
translate it into a syntactically valid and logically correct BPMN diagram in XML
format compatible with Camunda Modeler.

This choice was not coincidental; during the early testing phases, it became evident
that when AI models were asked to describe diagrams textually or generate them us-
ing natural language instructions, the results were incomplete, imprecise, or incorrect in
structure. By explicitly requesting the output in XML format, the prompts helped
to translate the response to a machine-readable structure and significantly improved the
quality and consistency of the generated diagrams. Additionally, having XML as an out-
put allowed the results to be directly validated and visualized with Camunda Modeler
which ensured a more fair comparison and consistent evaluation across exercises.

To fully assess the capabilities of LLMs in BPMN generation, we have used four
different AI systems in this study through their official web-based chat interfaces:

• ChatGPT

• Copilot

• Gemini

• Deepseek
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These models were chosen based on their broad accessibility, high performance in struc-
tured tasks and their potential integration into real-world cases. Each model was prompted
with the same problem descriptions to ensure a uniform evaluation framework.

The study initiated by using a zero-shot prompting approach, where the AI receives
the task without any prior examples or contextual training. This strategy reflects
realistic user scenarios where individuals typically expect a system or to understand and
perform based on a single prompt. However, it became evident that with zero-shot
prompts, it is insufficient to generate accurate diagrams [34].

Figure 4.2. Zero-shot Prompting by ChatGPT

As shown in Figure 4.2, the ChatGPT generated BPMN diagram lacked structural
completeness and semantic precision. While the main activities such as “Receive order”,
“Prepare dishes”, and “Call waiter” were correctly identified, the model failed to capture
the full interaction among all participants — particularly the message exchanges between
the waiter and the customers. The outcome was syntactically correct but conceptually in-
complete, indicating that the zero-shot prompting approach was insufficient for producing
a coherent and contextually accurate representation of multi-pool workflows.

To overcome these limitations, the prompting methodology was refined iteratively.
Rather than providing examples of correct solutions as it would have been done in few-
shot prompting, the process involved giving targeted feedbacks based on the output of
the previous response [63]. When a model returned as an incomplete or invalid diagram,
new prompts were issued with precise instructions that corrected logical errors, clarified
misunderstood process elements, or restructured malformed XML.

This iterative interaction helped to lead the model to produce more coherent and
valid diagrams both logically and structurally. It has also reflected how each model
adapted to incremental improvements. This feedback-driven refinement process enabled
a fair comparison of the models’ capabilities.
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4.2.1 The COPE Methodology: Contextualizing Prompt-Based Evalu-
ation

As LLMs become increasingly integrated into domain-specific tasks such as business pro-
cess modelling, structured evaluation frameworks are necessary to ensure consistent and
interpretable assessments of their outputs. In this study we have used COPE methodol-
ogy which stands for Context, Objective, Prompt and Evaluation. It has originally
proposed to systematically analyze the behaviour of LLMs response to user inputs, pro-
vide a logical and repeatable structure for testing how different prompting strategies
affect performance [7].

Each exercise followed the four stages of the COPE framework:

• Define Context: The AI model had sufficient background knowledge to structure
the process logic because the relevant scenario was clearly described. The con-
text was kept as close as possible to the original question without introducing
assumptions, in order to test the model’s capacity to reason from limited inputs.

• Define Objective: The expected output was defined explicitly in such way that
it is syntactically valid, logical BPMN diagram represented in XML format, com-
patible with Camunda modeler. The goal was not only correctness in logic but also
compatibility with BPMN syntax, enabling automated validation of the results.

• Design Prompt: The prompts used in this study were carefully created following
established strategies from the field of prompt engineering. They were kept short
and written clearly to avoid confusion. They were focused on the BPMN domain.
Each prompt is directly asked the AI to generate a BPMN diagram in XML format
so that it can be tested in the Camunda Modeler as it has been explained in the
beginning of this section. If the AI misunderstood the task or produced incorrect
results, the prompts were revised and improved step by step with the help of
relative feedbacks, helping to guide the AI to more accurate responses [34,47,58].

• Evaluate Output: Structural validity, in sense of whether the XML file could
run and visualised, was tested via import into Camunda Modeler. The logical
correctness was reviewed briefly with the reference diagram, with key factors such
as task order, gateway usage, pool/lane consistency, and message flows taken into
account.

Unlike approaches based on few-shot prompting or retraining, the COPE methodology
enabled a systematic evaluation of zero-shot outputs and the effectiveness of
iteration over time [58,63].

The use of COPE method brought a methodological perspective to the evaluation pro-
cess and at the same time also contributed to have a more reproducible and transpar-
ent experimentation protocol. It has supported the identification of patterns across
tasks, such as if certain BPMN elements had some consistent errors with the AI-generated
outputs or if specific prompt formulations led to higher XML validity rates.
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4.3 Evaluation Methodology

A crucial component of this study was establishing an accurate and fair methodol-
ogy for evaluating the BPMN diagrams generated by using large language models and
comparing them to the answers provided with the question itself. It was necessary to
adopt a well-defined set of evaluation criteria to assess whether the different artificial
intelligence systems can generate diagrams that are comparable in accuracy, structure
and clarity to the answers.

After finalizing the prompt engineering strategy using also COPE framework, an
online Google Drive was created for this thesis to store all the materials such as the
question itself, the PDF and .bpmn version of the created BPMN diagram answers by
AIs. The complete repository is publicly accessible and referenced in the Appendix at
the end of this thesis.

Following the preparation phases, the generation of BPMN diagrams was conducted
for each exercise one-by-one using the four selected LLM architectures.

For each exercises, the prompt was carefully formulated and submitted to the selected
AI model. The output returned in XML format was saved and opened in Camunda Mod-
eler, which ensured a consistent modelling interface for visual inspection and stan-
dardized rendering of each diagram. Where necessary, minimal manual corrections
were made just to convert structurally correct diagrams into more readable diagrams,
without altering the logic or structure of the original AI output.

To support a systematic and objective comparison between the generated diagrams
and the expected solutions, a custom scoring system was developed. The scoring
system which we will be explaining more detailed in the following sub-section allowed for
a multi-criteria assessment of each diagram.

Finally, the evaluation methodology integrated a manual comparison process,
in which AI-generated BPMN diagram was assessed using developed evaluation scoring
system and benchmarked against the corresponding reference solution. This approach
provided a structured means of quantifying the performance of each model and of iden-
tifying the areas of strength and limitation across different type of exercises.

4.3.1 Scoring System for Diagram Evaluation

To ensure a systematic and objective comparison among the "given answer" and diagrams
generated by different LLMs, a custom scoring system was developed for this study.
The scoring system is comprehensive, because it is a multi-criteria evaluation that
captures the full quality spectrum of a process model. On the other hand it is also
replicable, because it ensures that another researcher can use the same dataset and
criteria and would obtain consistent results regardless of subjective interpretation.

To achieve this, all of the evaluation metrics were defined using precise, measurable
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indicators and a uniform numerical scale from 0 to 5. With this, there is a balanced
comparison across diagrams generated by ChatGPT-5, Copilot, Gemini and DeepSeek
even if each of these models operates under different architectures, training data and
reasoning capabilities as we have briefly mentioned in the introduction chapter.

Establishing such a unified framework was essential to normalize performance differ-
ences among models and to provide a reliable basis for comparing their outputs against
the reference BPMN solution.

Furthermore, the design emphasized traceability and transparency, meaning that
every assigned score could be justified by a clear rule or observation derived from the
BPMN 2.0 specification or from recognized process model quality literature. This ap-
proach reduced the risk of subjective bias and allowed the evaluation process to serve not
only as a performance comparison but also as an analytical tool to identify where and
how specific AI systems tend to make structural, syntactic, or interpretive mistakes in
process modeling.

The scoring framework was inspired by several academic contributions on process
model quality metrics:

• Gruhn & Laue (2006), who proposed core metrics for syntactic and semantic cor-
rectness [27].

• Mendling et al. (2010), who emphasized the impact of model understandability and
layout readability [37].

The aim was not only to assess syntactic correctness but also to evaluate the logical
consistency and modelling clarity, taking into account the types of errors commonly
made by LLMs.

4.3.2 Structure of Scoring System

The scoring system was divided into five main categories, which all address a different
aspect of BPMN quality: Completeness, Correctness, BPMN Syntax, Style &
Clarity and Similarity to Reference.

Each category contains a set of constraints that is each graded on a scale from 0 to 5.
The constraints were developed iteratively, with the help and inspiration from literature
as well as qualitative insights gathered during creating of AI-generated diagrams.

To reflect the relative importance of different modeling dimensions, a weighted sys-
tem was applied to the constraints. Specifically, Completeness 20% of the total score,
Correctness for 25%, BPMN Syntax for 15%, Style & Clarity for 15%, and
Similarity to Reference for 25%.

These weights were based on insights from literature and practical evaluations of pre-
vious works. Particularly, the high importance is assigned to Correctness and Similarity
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to reference, which is also consistent with Dumas et al. [11] , who argue that execution
feasibility and behavioural equivalence are primary concerns in model valida-
tion. The emphasis on Completeness reflects the need to fully capture all required
process steps and elements as highlighted in Mendling et al. [38].

Each constraint’s raw score was multiplied by its respected category weight, which
produces a normalized score between 0 and 5. The weighted scores then summed up to
calculate the final total score for each AI generated diagram, with a maximum of 16
points.

4.3.3 Explanation of Categories and Constraints

Each category and constraint was designed to isolate particular aspects of process model
quality. It ranges from basic syntactic correctness to deeper functional equivalence. With
this evaluation, not only we had a fairer comparison between AI outputs and reference
solutions but also it leads us to a conclusion of strengths and weaknesses about different
AI models, that we will deeply examine during the conclusion chapter.

Hence, each constraint is explained in detail including the reasoning behind its in-
clusion, how it contributes to overall model quality and how different scores from 0 to 5
were interpreted and assigned based on observable features in the generated diagrams.

1. Completeness

It represents the degree to which a BPMN diagram captures all the essential com-
ponents of the described process.

It assesses if the AI generated models are able to include every relevant element
required to represent the process described in the exercise. All of the activities,
gateways and message or data flows that define the process from start to finish
must be included in a complete diagram. Completeness criterion ensures that the
model provides a fully traceable and meaningful workflow which can also avoid the
gaps that could compromise its interpretability or execution logic.

For completeness the subcriteria and their reasoning and scoring are introduced as:

• Activities Included:
This constraint evaluates if all the activies and tasks that appear in the refer-
ence solution are present in the AI generated solution.

Possible question to ask: Are all tasks and activities that appear in the refer-
ence model present?

Scores are distributed as:
– 0 No relevant activities are present.
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– 1 Only a few relevant activities are included.
– 2 Many core activities are missing or overly abstract.
– 3 Some essential activities are missing or replaced with vague tasks.
– 4 One minor activity is missing or inaccurately represented.
– 5 All activities from the reference model are correctly included.

• Gateways Used Properly:
Gateways are crucial to define decision points and parallel executions in BPMN.
With this constraint it is possible to examine if the gateways are correctly rep-
resenting the logic, synchronization and conditional paths. Misused or missing
gateways may disrupt the process flow and lead to logical inconsistencies.

Possible question to ask: Are decisions or parallel flows represented with the
correct type of gateway?

Scores are distributed as:

– 0 All activities from the reference model are correctly included.
– 1 Gateways used arbitrarily or inconsistently.
– 2 Incorrect usage in most cases, logic is hard to follow.
– 3 Multiple gateways used incorrectly, but overall logic is still interpretable.
– 4 One gateway is misused or overly simplified.
– 5 All decision/parallel flows use appropriate gateway types correctly.

• Start/End Events:
Every process must begin and end with explicit events to ensure structural and
logical closure. This constraint checks whether both start and end events are
correctly placed and semantically appropriate. Missing or misplaced events
indicate an incomplete or ambiguous workflow definition.

Possible question to ask: Are both start and end events included?

Scores are distributed as:

– 0 No start or end events included.
– 1 Only implicit start/end exists, poorly represented.
– 2 Start and end events both misused or wrongly placed.
– 3 Either start or end is missing or misused.
– 4 Minor deviation (e.g., an extra end event with no impact).
– 5 Correct use of one start and one or more end events, as per BPMN

norms.
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• Data/Message Present:
This constraint focuses on whether data and message flows are represented
wherever communication or information exchange is described in the problem
statement. Including data and message events reflects the model’s capacity
to capture information exchange and inter-process interactions. Which are
essential for representing the real-world process logic.

Possible question to ask: If the process includes data exchange, are data/mes-
sage objects shown?

Scores are distributed as:
– 0 No data or message flows included, despite need.
– 1 Data/message elements mentioned but not correctly implemented.
– 2 Data/message used incorrectly or confused with other symbols.
– 3 Several elements missing, though intent is somewhat clear.
– 4 One element missing or improperly attached.
– 5 All data and message elements are present and correctly linked.

2. Correctness

It focuses on the logical soundness of a BPMN diagram and its ability to represent
a valid and executable process model. It addresses how the necessary component
interacts, if the flow is logically coherent and if the diagram can be expected to
behave as intended during execution.

For correctness the subcriteria and their reasoning and scoring are introduced as:

• Logical Flow:
It evaluates the clarity and consistency of the sequence flow from the start to
the end event. A logically flowing diagram ensures that each activity leads to
the next by forming a connected and interpretable path. Logical soundness
is foundational to model interpretability and aligns with recommendations
in prior work such as Mendling et al. (2010), which stresses that poor flow
structure severely impairs comprehension and analysis of process behavior .

Possible question to ask: Does the process flow logically from start to end
without breaks or dead ends?

Scores are distributed as:
– 0 No logical structure can be inferred; flow is chaotic or disconnected.
– 1 The logic is mostly broken; the model lacks coherent start-to-end pro-

gression.
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– 2 Multiple confusing or contradictory paths; logical sequence is hard to
follow.

– 3 Noticeable issues in logic (e.g., unclear task order, mild redundancy) but
still interpretable.

– 4 The process is mostly logical with minor issues (e.g., one unclear tran-
sition), but overall understandable.

– 5 The process flows logically from start to end without any gaps, redundant
loops, or inconsistencies.

• Gateways Lead to Valid Outcomes:
It evaluates the correct application of gateways to direct the process based
on decisions or concurrent paths. Properly configured gateways should pre-
serve logical coherence by ensuring that every split has a corresponding and
syntactically correct merge.

Possible question to ask: Do gateways properly split and merge flows?

Scores are distributed as:
– 0 Gateways are absent, misused throughout, or lead to entirely invalid

outcomes.
– 1 Gateway usage severely disrupts process logic; most branches are flawed.
– 2 Gateways frequently lead to incorrect, missing, or contradictory out-

comes.
– 3 Some incorrect or unclear gateway usage; some branches might be mis-

interpreted.
– 4 Minor issues in gateway logic (e.g., wrong type used once), but model

behavior remains valid.
– 5 All gateways split and merge correctly, producing expected and valid

paths.

• Error-Free Token Flow :
This constraint considers the execution of the BPMN model using token game
semantics, where tokens represent control flow in process execution. The goal
is to identify any structural flaws that would result in errors, infinite loops or
incomplete terminations.

Possible question to ask: Would the model execute without token-based errors?

Scores are distributed as:
– 0 The model fails completely in terms of token execution (deadlocks, infi-

nite loops, etc.).
– 1 Most paths are token-infeasible; process likely fails in execution.
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– 2 Several paths have critical token flow issues; model needs repair to work.
– 3 Some parts risk token mismanagement (e.g., tokens stuck or multiply

flowing).
– 4 Slight risks of token misbehavior, but process would still execute reliably.
– 5 The model supports seamless token execution; no deadlocks, duplication,

or loss.

3. BPMN Syntax

This category assesses if the BPMN diagrams follow the BPMN standard’s syntactic
criteria. While completeness and correctness focus on the logic and content of
the process, This guarantees that the diagram uses the appropriate symbols and
connections also at the same time label the elements in a readable and standard
way. Syntactic errors may not necessarily prevent understanding but they can
significantly reduce the diagram’s readability and make it less user-friendly.

For BPMN Syntax the subcriteria and their reasoning and scoring are introduced
as:

• Correct Use of Shapes:
This constraint checks if the graphical elements such as tasks, start/end events,
gateways are represented with the appropriate and standardized symbols.

Possible question to ask: Are tasks, events, gateways used with the correct
symbols?

Scores are distributed as:
– 0 BPMN shapes are absent or completely misused, making the diagram

syntactically invalid.
– 1 Most BPMN shapes are used incorrectly, leading to confusion or invalid

process representation.
– 2 Frequent misuse of BPMN elements; interpretation becomes difficult and

may cause execution issues.
– 3 Some incorrect or inconsistent shape use; process remains interpretable

but partially noncompliant.
– 4 Almost all shapes are correctly used; a few minor misuses (e.g., wrong

event marker) that do not affect process meaning.
– 5 All BPMN elements (tasks, events, gateways, etc.) are correctly used

according to BPMN standards. Each shape type corresponds accurately
to its intended function.
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• Connections Valid(No Semantic Violations):
It ensures that the sequence flows are drawn exclusively between valid BPMN
elements that are allowed to be connected.

Possible question to ask: Are sequence flows used only between valid elements?

Scores are distributed as:
– 0 Connections are entirely missing, illogical, or violate BPMN flow rules

completely.
– 1 The majority of connections are invalid or misleading, compromising

process integrity.
– 2 Multiple invalid connections leading to ambiguous or incorrect flow in-

terpretation.
– 3 Some connections are semantically invalid (e.g., message flow between

tasks instead of pools), but overall flow is understandable.
– 4 Minor connection issues (e.g., redundant flow or small ordering error)

but the diagram remains semantically valid.
– 5 All sequence flows and message flows are valid and logically consistent

(e.g., flow from task -> gateway -> event is correct). No semantic viola-
tions.

• Labels and Annotations:
This constraint evaluates the naming and description of the elements. Labels
should clearly reflect the meaning of tasks and elements. At the same time an-
notations should improve the clarity of the diagram without causing confusion.

Possible question to ask: Are elements properly labeled? Are any annotations
used correctly?

Scores are distributed as:
– 0 No labels or annotations are provided, making process elements indis-

tinguishable.
– 1 Labels and annotations are mostly incorrect, vague, or irrelevant.
– 2 Many labels are missing or misleading; annotations are confusing or

incomplete.
– 3 Several labels are missing, inconsistent, or unclear, slightly affecting

readability.
– 4 Labels are mostly clear and consistent; few missing or redundant anno-

tations.
– 5 All elements are clearly and accurately labeled. Annotations are mean-

ingful, concise, and enhance understanding of the process.
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4. Style & Clarity

This category evaluates more on the visual side. It evaluates how visually readable,
consistently named and clearly structured the process diagram is. It does not di-
rectly affect the functional execution of the model however these aspects are greatly
influence user understanding, maintainability and model usability. A well-presented
BPMN model ensures that the readers, either they are on the technical team or the
stakeholder, can easily understand, comprehend and navigate the process without
any confusion.

For Style & Clarity the subcriteria and their reasoning and scoring are introduced
as:

• Naming Consistency:
This constraint emphasizes the importance of consistent naming across similar
tasks and elements helps maintain clarity and reduces ambiguity in BPMN
diagrams. Readers may become confused by ambiguous task names that are
inconsistent such as alternation between “Approve Request” and “Request
Approval”, especially when it is combined with inconsistent use of the verbs,
objects and capitalization patterns. By switching to a more systematic naming
format, the models become easier to read, analyse and validate.

Possible question to ask: Are similar types of tasks labeled in a consistent and
descriptive manner?

Scores are distributed as:
– 0 Most or all BPMN elements are unnamed, making the process very

difficult to follow.
– 1 Naming is highly inconsistent or misleading; readability and understand-

ing are impaired.
– 2 Many elements are either unnamed, use unclear labels, or show conflict-

ing naming patterns.
– 3 Some tasks or events are vaguely named or inconsistently formatted.

Occasional ambiguity present.
– 4 Minor inconsistencies in naming or formatting (e.g., some tasks lack

verbs), but the meaning is still clear.
– 5 All activities, events, and gateways are named consistently, following

a clear and structured naming convention (e.g., verb-object format). No
duplicate or ambiguous names.

• Layout Readability:
The visual layout of a BPMN diagram significantly influences its readability
and its quality. A well-aligned and spaced model allows users to follow the pro-
cess flow intuitively, without needing to change the position of the elements
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or the direction of the arrows. On the other hand; misaligned symbols, over-
lapping flows or dense clustering of elements create a visual noise and disrupt
understanding even when the syntax is formally correct.

Possible question to ask: Is the diagram visually clean, aligned, and non-
overlapping?

Scores are distributed as:
– 0 Diagram layout is chaotic or broken, preventing any clear reading of the

process.
– 1 Most of the diagram is difficult to read due to poor spacing, flow direc-

tion, or alignment.
– 2 Layout is confusing or disorganized. Overlapping elements and mis-

aligned flows reduce clarity.
– 3 Some parts are visually cluttered or misaligned, requiring effort to follow

the flow.
– 4 Mostly clear layout; occasional overlap or inconsistent alignment, but

overall still readable.
– 5 Diagram is well-aligned, clearly structured, and easy to follow. No over-

lapping elements, and whitespace is used effectively..

• Use of Lanes/Pools:
In collaborative processes involving multiple participants such as customers,
departments and also external partners, the proper use of the pools and lanes is
essential to represent interactions and responsibilities clearly. Pools in BPMN
define separate participants and lanes indicate internal subdivisions. Using
them incorrectly can result in confusion about who performs which task or
where a message should flow.

Possible question to ask: If multiple participants exist, are they properly mod-
eled with pools and lanes?

Scores are distributed as:
– 0 No lanes or pools are used despite being necessary for multi-actor pro-

cesses.
– 1 Lanes/pools used inappropriately, leading to misunderstandings about

responsibilities.
– 2 Lanes or pools used incorrectly or inconsistently; process roles are not

clearly separated.
– 3 Lanes/pools used but not optimally (e.g., excessive splitting, unclear

assignment of tasks).
– 4 Pools and lanes are mostly correct; minor misplacement or redundancy

in participants’ roles.

48



4.3 – Evaluation Methodology

– 5 Lanes and pools are used accurately to distinguish participants and
organizational roles. Clear separation of responsibilities.

5. Similarity to Reference

This category focuses on how closely the generated BPMN model mirrors the refer-
ence solution in structure, composition and behaviour, while all the other categories
were mostly about how much the AI generated models were reflects the original pro-
cess definition. It is especially important, when using AI for automation, even slight
deviations in structure or behaviour can lead functional mismatches or misinterpre-
tations.

For Similarity to Reference the subcriteria and their reasoning and scoring are
introduced as:

• Structural Similarity:
This constraint refers to the preservation of the overall process organiza-
tion such as order or the tasks, direction of flows and use of subprocesses
or branches. The minor layout differences are acceptable but the generated
model should follow a comparable structural logic to ensure that it reflects a
similar workflow logic as the reference.

Possible question to ask: Do they share similar structure in task order and
flow?

Scores are distributed as:
– 0 No structural similarity; the process model is fundamentally different

from the reference.
– 1 The structure is mostly unrelated to the reference; only vague similarities

in task grouping or sequence remain.
– 2 Significant structural differences exist, potentially altering the flow logic

or understanding of the process.
– 3 Moderate structural deviations are present, but the overall process logic

remains comparable to the reference.
– 4 Minor differences in structure (e.g., flow arrangement, task grouping),

but the overall process remains clearly aligned with the reference.
– 5 The solution mirrors the structure of the reference model very closely, in-

cluding task order, flow direction, and layout organization. No meaningful
structural deviations.

• Element Match Ratio:
This constraint measures the percentage of element overlap between the AI
generated model and the reference diagram. Each BPMN model consist of
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standard elements such as tasks, start events, gateways, and accurate replica-
tion of these components is vital when evaluating how well an AI model has
understood and reproduced a given process.

Possible question to ask: What percentage of elements (activities, events, etc.)
are exactly the same?

Scores are distributed as:
– 0 No identifiable match with any elements from the reference model.
– 1 Only a few matching elements can be identified (less than 25%).
– 2 Less than half of the reference elements are present or correctly identified

(25–49% match).
– 3 A moderate portion of elements match the reference (around 50–74%).

Some key steps may be missing or mislabeled.
– 4 Most elements are present and correctly identified (around 75–89%

match).
– 5 Nearly all key elements (tasks, events, gateways) match those in the

reference model (90–100% match).

• Functional Equivalence:
It considers if the AI generated process performs the same logical function as
the reference, regardless of how it is structured. Two BPMN models can be
different in sense of layout or optimization and yet, it can still lead to the same
outcomes and outputs. This criteria is particularly relevant where creative but
valid transformations are acceptable.

Possible question to ask: Even if structurally different, does it achieve the
same behavior/output?

Scores are distributed as:
– 0 The model fails to capture the process behavior or goal at all.
– 1 Major functionality is missing or changed, and the model does not fulfill

the process goal correctly.
– 2 Several key functions or outcomes differ from the reference model; pro-

cess behavior is partially correct.
– 3 Functional gaps or simplifications exist, but the main objective of the

process is still achieved.
– 4 Minor functional differences exist (e.g., one path slightly optimized), but

the core logic and outcome are preserved.
– 5 Even if structurally different, the model achieves exactly the same be-

havior and outputs as the reference (behavioral equivalence maintained).
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The following image, 4.3 represents the evaluation scoring system used in this study,
showing the scores assigned to each constraint for one selected BPMN exercise as an
example. The complete set of scores for all exercises is available in the shared Google
Drive folder linked in the Appendix.

Figure 4.3. Evaluation Scoring System Example-Signature Regulation

4.4 Statistical Methods

To evaluate and validate if the overserved performance differences among AI models were
statistically meaningful, non-parametric statistical tests were used. The evaluation
scores were expressed an ordinal scale of 0-5 and derived from the same set of BPMN
exercises for all models, which made non-parametric methods particularly appropriate [8].

Unlike parametric approaches such as ANOVA or t-test which usually assume nor-
mally distributed interval data, non-parametric tests do not require such assumptions
and they are more robust for ordinal datasets [16,31].

For this reason, we have performed two complementary analyses: Kruskal-Wallis
and Wilcoxon Signed-Rank Tests.

Firstly, we have started with Kruskal-Wallis Test which is the non-parametric
equivalent of the one-way ANOVA. This test was used to determine if there are signifi-
cant differences existed among the four AI models when considering their overall adequacy
scores. The null hypothesis stated that all of the models performed equally, on the other
hand the alternative hypothesis proposed that at least one model’s distribution was dif-
ferent from the others. The Kruskal-Wallis test was performed with a significance level
of alpha=0.05, which is corresponding to a 95% confidence interval [28].

Following this comparison, we have performed Wilcoxon Signed-Rank Tests to ex-
amine the differences between specific pairs or models. These tests were particularly useful
to explore the performance relationships between top two performing systems, Chat-
GPT vs.Gemini and also top-performing and lower-performing systems, Gemini
vs.Deepseek. The Wilcoxon test was selected because it is used for paired observations of
ordinal data and does not assume normality [49].

A two-tailed configuration was adopted in all comparisons, because the analysis aimed
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to detect any significant difference in either direction, rather than assuming the superi-
ority of a specific model in advance [16].

All statistical tests were performed using and online computational platform and val-
idated through descriptive inspection in Microsoft Excel. For all analyses the threshold
of significance was set at p < 0.05 while, non-significant results (p ≥ 0.05) were inter-
preted as evidence that the models performed comparably withing the dataset, whereas
significant results indicated a consistence performance difference between results.

This methodological approach was chosen to balance statistical robustness and in-
terpretative clarity while accounting for the relatively small dataset size of 15 exercises.

4.5 Limitations of the Evaluation Methodology

Even though the evaluation framework provided a systematic and objective way to com-
pare the AI generated BPMN diagrams, we need to recognize certain limitations. These
constraints do not undermine the validity of the findings but they help to define the
scope which the results should be interpreted.

• Sample Size and Data Diversity
Our analysis is based on 15 BPMN exercises. Although this number was sufficient to
identify the general performance needs, it might not fully depict the variety of real-
world process modelling scenarios. Larger and more varied datasets can increase
the results’ statistical power and make conclusions more applicable.

• Subjectivity in Manual Scoring
Each AI output was manually evaluated using the predefined constraints and a 0-5
scoring scale. Even if the use of clear guidelines and weighted categories, the process
is inevitably involves a degree of human judgement. Small differences in interpre-
tation of completeness or correctness may influence the assigned scores. Future
studies can reduce this limitation by including several evaluators and comparing
their agreement to ensure a more consistent scoring.

• Simplification of the Evaluation Framework
In order to keep the comparison consistent across models, the evaluation is focused
on a limited set of measurable criteria. This simplification was necessary for quan-
titative analysis but it may not fully consider the qualitative aspects such as the
semantic depth or the contextual adequacy of modelled processes. Complementary
qualitative reviews could develop future analyses.

• Statistical Constraints
The ordinal nature of the scoring system and the relatively small dataset led to the
use of the non-parametric statistical methods of the Kruskal-Wallis and Wilcoxon
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Signed-Rank Tests. While these tests are appropriate for ordinal data, they are gen-
erally less sensitive to small differences than the parametric methods. This might
have reduced the probability of detecting subtle performance variations among dif-
ferent models.

• Model Variability and Reproducibility
AI models such as ChatGPT, Copilot, Gemini and Deepseek can generate slightly
different outputs even if they were prompted identically, as their responses depend
on probabilistic generation processes and may vary across different model versions.
Furthermore, each system has been trained with different objectives, datasets and
architectures which makes them particularly effective in different domains or task
types.

Despite these limitations, the adopted methodology provided a balanced compromise
between analytical depth and practical feasibility to the analysis. It enabled a systematic
comparison of AI based BPMN generation while maintaining the statistical and concep-
tual coherence. Recognising these boundaries would offer valuable guidance for future
research that aims to refine evaluation metrics, expand datasets or incorporate automated
validation tools.
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Chapter 5

Results and Discussion

This chapter presents the outcomes of the evaluation conducted on BPMN diagrams
generated by the for selected AI models of ChatGPT, Copilot, Gemini and DeepSeek.
It reports firstly, quantitative findings obtained and followed by a qualitative discussion
interpreting these results in relation to diagram quality, logical accuracy and model be-
haviour. The overall goal is to provide an integrated understanding of how each AI system
performed across the evaluated dimensions.

5.1 Results

5.1.1 Overview of the dataset

The evaluation included 15 BPMN exercises, solved by four AI models of ChatGPT, Copi-
lot, Gemini and DeepSeek. Each generated diagram was assessed through a multi-criteria
scoring framework specially created for this study, that contains completeness, correct-
ness, BPMN syntax, style&clarity and similarity to the reference solution. The scores are
ranged from 0 to 5 across all criteria with different weights and aggregated results were
computed for each model to determine their overall performance. The compiled data
formed the basis for descriptive and inferential statistical analysis using non-parametric
tests of Kruskal-Wallis and Wilcoxon Signed-Rank. Those tests chosen due to the limited
sample size and the non-normal distribution of the scores.

5.1.2 Descriptive Statistics

Across the 15 BPMN exercises, the evaluation scores demonstrated consistent trends re-
flecting the varying capabilities of AI systems in managing process complexity. Due to
the scoring systems that was created for understanding the difficulties of the exercises,
relatively simpler processes such as Placing an Order or Business Trip tend to re-
ceive higher scores across all models, while exercises that involve multiple actors,
message flows or gateways, such as International Transport of Goods or Fire Extin-
guishing Collaboration Model receive noticeably lower values. This pattern indicates
that all models generally handled linear or single-pool workflows effectively but struggled
to represent multi-pool interactions or parallel structures.
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The descriptive analysis that is presented in the table 5.1 summarize the overall
performance of all the four AI systems. Gemini achieved the highest mean score of 12.27
followed by ChatGPT (11.30), Copilot (10.97), and Deepseek (10.38). Median
values are relatively homogeneous and they suggest a consistent central tendency
across all models, it is ranging between 11.45 and 11.85. Standard deviation values
indicate moderate variability, with Copilot showing the largest spread (3.76) and
Gemini the smallest (2.35), meaning that Gemini’s responses were both accurate
and stable across different exercises.

Table 5.1. Comparison of AI model performance based on mean, median, and
standard deviation.

Model Mean Score Median Standard Deviation Rank
Gemini 12.27 11.85 2.35 1
ChatGPT 11.30 11.50 3.27 2
Copilot 10.97 11.45 3.76 3
Deepseek 10.38 11.45 3.33 4

As illustrated in figure 5.1, the bar chart represents the average evaluation scores of
all four models, accompanied by their respective standard deviations.This visual repre-
sentation highlights how the results align with the descriptive statistics in table 5.1 ,
confirming Gemini’s clear advantage in both mean performance and consistency. The
relatively shorter deviation bar of Gemini further reinforces its stability across exercises,
whereas the wider spreads observed in Copilot and ChatGPT indicate greater variability
in their outputs.

Figure 5.1. Average Evaluation Score per AI Model
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5.1.3 Statistical Analysis

Kruskal-Wallis test was applied to the overall evaluation scores to determine if the ob-
served performance differences were statistically significant. The analysis yielded an H
statistic = 2.5322 and p = 0.46949, which is showing that the differences among the
four models are not statistically significant at the 0.05 confidence level. This means
that, despite visible variations in average scores, models’ overall performance distributions
do not differ significantly when considered collectively.

After that to investigate model-specific differences, Wilcoxon Signed-Rank tests were
conducted for selected pairs. The ChatGPT vs. Gemini comparison (representing the
two best performers) resulted in Z =−1.1359, p = 0.2543, indicating no statistically
significant difference. However, the Gemini vs. Deepseek comparison (best vs.
worst) yielded Z = −2.2718, p = 0.0232, confirming a significant difference at p <
0.05.

Table 5.2. Pairwise comparison results with Z-values and p-values.

Comparison Z-value p-value Significance
ChatGPT vs Gemini -1.1359 0.2543 Not significant
Gemini vs Deepseek -2.2718 0.0232 Significant

5.1.4 Summary of the Findings

The descriptive results show that Gemini achieved the highest overall performance
and it follows by ChatGPT, Copilot, and Deepseek.

Even if the Kruskal-Wallis test revealed no statistically significant global difference
among the four AI models with H = 2.5322, p = 0.46949 the Wilcoxon Signed-Rank tests
identified a significant difference between Gemini and Deepseek with Z = −2.2718, p =
0.023. This confirms Gemini’s superiority over the lowest-performing model.

On the other hand, the difference between Gemini and ChatGPT was not statisti-
cally significant due to Z = −1.1359, p = 0.2543. This indicates that the two systems
performed comparably in overall adequacy. These results provide a clear quantitative
foundation for the following discussion, which explores how these numerical differences
relate to the qualitative characteristics and behavioural patterns of each model.

5.2 Discussion

5.2.1 Interpretation of Quantitative Findings

Building upon the statistical results presented in the previous section, this discussion
shows how the numerical differences amont the evaluated models relate to their inter-
nal reasoning and process representation capabilities. The overall results indicate that
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Gemini demonstrated the strongest ability to maintain logical and structural
consistency, especially in complex workflows that requires a clear coordination between
process elements. ChatGPT showed comparable conceptual understanding, even if
its outputs occasionally lacked peripheral details or presented simplified representations
in multi-actor scenarios. Copilot, is capable of generating coherent sequential
logic, but it is also tend to follow more rigid and rule-based structures so consequently
this fact limited its adaptability to unconventional process designs.

On the other hand, DeepSeek has presented greater fluctuations in accuracy
and syntax, especially when it faced with tasks that involve multiple interactions or
decision gateways. These differences suggest that Gemini and ChatGPT are more ca-
pable of preserving context and managing hierarchical relationships within processes,
where Copilot and DeepSeek show more sensitivity to contextual ambiguity and prompt
complexity.

5.2.2 Qualitative Evaluation of Diagram Quality

While the quantitative analysis provided a numerical comparison of the performance, the
qualitative analysis show deeper insights into "How?", the nature and structure of the
BPMN diagrams produced by the evaluated AI systems. This analysis focuses on the
completeness, syntactic correctness, logical coherence and interpretability. These facts
assess not only accuracy but also the structural quality of the generated models.

• Completeness
Differences among the AI systems were most apparent in the degree to which their
diagrams captured the full scope of each process. The most comprehensive represen-
tations that often includes pools, lanes and message flows in multi-actor workflows
were produced by Gemini. Also, ChatGPT covered the essential process logic but at
the same time it tends to discard secondary flows or conditional branches to preserve
clarity especially in simpler exercises. Copilot captured the main sequence of tasks
reliably but rarely integrated optional or parallel activities. However DeepSeek, fre-
quently discarded gateways or subprocesses which indicates a partial understanding
of process hierarchies.

• Syntactic Correctness
Compliance with BPMN standards differed among models. Copilot consistently
used the appropriate notations and event categories, demonstrating the highest
degree of syntactic consistency. Although Gemini mostly adhered to the standard,
there were sporadic little variations in flow labeling. ChatGPT, balanced readability
with formal accuracy whereas DeepSeek generated the highest number of syntax
deviations such as the representation of message flows and end events.

• Logical Coherence
When analysing task sequencing and causal flow, Gemini maintained the most con-
sistent logic between activities, especially in multi-lane diagrams.In linear processes,
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ChatGPT showed logical ordering; however, when working with loops, it occasion-
ally introduced discontinuities.. Copilot ensured a strictly ordered sequence but
lacked flexibility to reinterpret non-standard instructions. DeepSeek showed the
weakest logical integrity with occasional broken or circular flows that disrupted
process readability.

• Interpretability
Each model was able to produce diagrams that remained understandable to readers
familiar with BPMN notation even if they vary in clarity. Gemini and ChatGPT
achieved the best balance between visual simplicity and informational richness,
while Copilot prioritised structural correctness over readability. DeepSeek’s out-
puts, due to missing or inconsistent elements, often required manual correction to
be fully interpretable.

From this perspective, the qualitative evaluation demonstrates that syntactic preci-
sion does not ensure conceptual completeness by itself. Models like Copilot can gen-
erate technically correct diagrams that lack expressive depth, on the contrary Gemini
and ChatGPT illustrate that contextual comprehension enhances both logic and inter-
pretability. These findings complement the quantitative trends, and they confirm that
effective BPMN generation depends on a model’s ability to integrate formal syntax with
semantic understanding which is a capability that is still uneven across current large
language models.

5.2.3 Comparative Observations

Comparative analysis of the data shows clear behavioral patterns across the four AI sys-
tems. This reflects the underlying diversity of their architectures and training objectives.
Rather than individual strengths or weaknesses, what emerges is a spectrum of modelling
behaviours ranging from rule-based precision to contextual adaptability.

Gemini and ChatGPT are in the upper end of this spectrum. Both models demon-
strated the ability to maintain coherent logic and align the generated diagram with the
intended meaning of the process description. This proximity is not only qualitative but
also supported by quantitative evidence. According to the Wilcoxon Signed-Rank test
that was conducted specifically for these two models, the difference between their perfor-
mance scores was not statistically significant, confirming that the two systems achieved
comparable levels of adequacy and syntactic accuracy.

This finding emphasizes that the observed similarity does not come from subjective
assessment but from measurable consistency across multiple exercises.

Although they perform similarly overall, there is a slight difference in how they ap-
proach process construction: ChatGPT relies more on sequential reasoning, generating
diagrams that are semantically accurate but sometimes simplified in representation, while
Gemini tends to construct processes more holistically, maintaining global structure and
connections among activities. Copilot stands at the midpoint, serving as an example
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of rule-governed reliability. Its strict adherence to BPMN conventions ensures syntactic
precision, but this same characteristic limits its capacity to adapt when confronted with
ambiguous or non-standard descriptions. In contrast, DeepSeek represents the opposite
end of the behavioural spectrum. It displays a pattern of exploratory generation that pro-
ducing varied yet inconsistent diagrams, where correctness sometimes emerges by chance
rather than from stable internal logic.

Across all of the models, one common aspect is the reliance on linguistic coherence
as the foundation of process construction. But there are significant differences in how
much of this language reasoning translates into sound structural reasoning. While Copi-
lot and Deepseek show that syntactic conformance by itself does not ensure semantic
alignment, Gemini and ChatGPT show that greater contextual comprehension results in
more integrated and interpretable diagrams.

Overall, the results show that BPMN production depends on the ability of large
language models to capture and replicate relational and hierarchical logic, which is still
a restriction for systems that are not process modeling specialists. It also requires more
than just linguistic proficiency.

5.2.4 Model Variability and Reliability

The stability and reliability of the models’ output across various process types is one of the
study’s key issues. Variability reflects how consistently a model can reproduce coherent
results when faced with exercises of increasing complexity, while reliability refers to its
ability to maintain logical and structural quality regardless of contextual changes.

Across the 15 BPMN exercises that we have used, the results show that Gemini main-
tained the highest degree of reliability. Its performance was relatively stable even in the
more complex workflows. This indicates that the model could generalize its internal rea-
soning beyond simpler sequential processes. ChatGPT, even it is slightly more variable,
also exhibited stable behaviour in most cases. Especially when the prompts were clearly
structured. This consistency reinforces the earlier statistical findings that showed mini-
mal difference between the models in Wilcoxon analysis, which suggests that they both
rely on well-balanced reasoning mechanisms.

On the other hand, the results from Copilot and DeepSeek displayed a higher variabil-
ity in their results. Copilot’s stability was mainly due to its strict adherence to BPMN
syntax, rather than genuine contextual understanding Consequently, although the pro-
cess descriptions were drawn from standard BPMN logic, its outputs lacked flexibility,
even if it consistently produced syntactically accurate diagrams.

DeepSeek, responses often changed substantially when identical prompts were sub-
mitted at different times, producing divergent interpretations of the same scenario. This
suggests a weaker internal representation of process logic and a stronger sensitivity to
prompt phrasing and sampling randomness.

60



5.2 – Discussion

From a methodological standpoint, this observed variability highlights a key limitation
of using general-purpose language models for structured diagram generation. Even minor
temporal or contextual variations can lead to different interpretations of the process since
these models produce probabilistic outputs rather than deterministic rule-based systems.

As a consequence, repeatability remains as a major obstacle. Using multi-stage
prompting strategies that assess and refine several candidate outputs before final se-
lection or fine-tuning on specialized process-modeling data could increase the reliability
of BPMN creation.

In summary, Gemini and ChatGPT demonstrate a relatively consistent behaviour
across tasks while the performance of Copilot and DeepSeek remains more inconsistent.
This highlights that stability is not only a matter of average accuracy but also a repro-
ducibility and resistance to contextual noise. Which are factors that can be crucial for
any future integration of AI models into process modelling workflows.

5.2.5 Methodological and Practical Reflections

From a methodological point of view,a systematic and transparent evaluation process
allowed by the integration of a structured scoring framework and statistical validation
methods. By designing a two layer approach of measuring exercise difficulty and then
assessing AI-generated outputs, this study ensured that performance comparisons are
based on objective criteria rather than subjective impressions.

One of the main methodological strengths is the variety of exercises selected. The
inclusion of 15 BPMN scenarios from different business and operational contexts, allowed
more comprehensive understanding of how AI systems behave across different process
types and level of complexity. Furthermore, evaluating four different AI models under
the same scoring framework provided a more fair basis cross-model comparison and re-
producibility.

The evaluation’s findings provided valuable insights regarding how AI can be inte-
grated into process-modelling workflows. The results show that LLMs can assist domain
experts by producing basic logical structures that can accelerate model development and
standardization. However, some AI-generated outputs lack stability and domain-
specific reasoning, which emphasizes how crucial it is to maintain human
oversight.

5.2.6 Broader Implications

Beyond a technical evaluation of AI performance, the study’s findings demonstrate that
LLMs can capture and replicate important features of procedural logic even in the absence
of specialized BPMN training. This suggest that AI systems could begin to function not
only as tools for natural language understanding but also as assistive agents for structured
reasoning and model generation.

61



Results and Discussion

However, the integration of AI into process modelling environments also raises ques-
tions of trust, transparency, and interpretability. While Gemini and ChatGPT produced
logically consistent results, the way they reach these outcomes is still hard to interpret.
This lack of clarity represents a challenge in areas such as business process manage-
ment, where transparency and accountability are more of an obligation. As a result,
AI-generated diagrams must remain understandable and verifiable by human experts to
be trusted.

Another implication concerns ethical and organizational responsibility. Sensitive or
confidential internal processes, data exchanges, and decision-making processes
are frequently reflected in BPMN diagrams. It requires strong safeguards for privacy,
data protection, and intellectual ownership to access and process such information. In
this sense, the development of governance frameworks that define the ethical use of AI in
process modelling will be as important as the technical progress itself.
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Chapter 6

Conclusion and Future Works

6.1 Conclusion

This research examined the ability of Large Language Models to generate and inter-
pret BPMN diagrams by combining structured scoring, qualitative evaluation and non-
parametric statistical analysis. The goal was to determine whether these models can move
beyond textual generation to represent the logical and contextual structure of business
processes in a rational and standardized way.

The evaluation that was conducted across fifteen BPMN exercises revealed a consis-
tent but distinctive pattern among the tested AI systems. Gemini achieved the high-
est and most stable performance overall, then followed by ChatGPT, while
Copilot and DeepSeek showed lower and more variable scores. Although the
Kruskal-Wallis test indicated that there is no statistically significant overall difference, the
Wilcoxon Signed-Rank test confirmed that Gemini’s performance was noticeably higher
than DeepSeek’s performance. Qualitative analysis supported these results, it shows that
Gemini and ChatGPT maintained a more logical flow and structural consistency. Copilot
produced rigid but syntactically correct diagrams and DeepSeek generated damaged or
incomplete representations

These results suggest that, although current LLMs show increasing proficiency in
formal process modeling, their comprehension is still primarily syntactic. The ability
to comply with BPMN notation does not necessarily ensure semantic completeness or
contextual accuracy. Gemini’s success emphasizes the benefit of models trained on an
extensive contextual data, while Copilot and DeepSeek’s results reflect the limits of rule-
based or code-focused reasoning.

From a methodological perspective, our study showed that the strengths and weak-
nesses of AI-generated BPMN diagrams may be successfully captured by combining sta-
tistical reasoning with structured evaluation. The adopted approach shown meaningful
behavioural patterns and provided evidence-based results into how LLMs reason process
structure instead of relying on isolated accuracy scores.
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In conclusion, this study indicates that AI models are not yet capable of gen-
erating BPMN diagrams in a completely autonomously. However, they can
provide valuable support during the analytical and design phases of process
modelling. Their ability to create diagrams that are partially complete, structurally
correct and generally interpretable represents a significant step toward automation in
business process representation. Overall, the results highlight that the main challenge
is enabling these systems to reason within context and to capture the full logic of the
process, rather than simply recreating its syntax.

6.2 Future Works
This study opens several directions for further study in the generation and evaluation of
BPMN diagrams produced by AI models.

A first natural next step would be to expand the dataset of BPMN exercises by
including a wider range of business scenarios and problem domains. A more diverse
dataset would allow a stronger statistical validation and provide a deeper understand-
ing of how model performance changes with process complexity and domain specificity.

Even if this study already established a structured and measurable framework for
evaluating BPMN generation, future work could focus on enhancing the semantic rea-
soning capabilities of language models. This would allow them to better understand
process context instead of relying mainly on syntactic accuracy. Training or adapting
models to learn relationships between activities, actors and message flows more consis-
tently would represent a meaningful advancement. Another relevant improvement could
be the direct generation of BPMN diagrams without human refinement. This
would decrease the differences between logical reasoning and visual process by reducing
interpretation errors introduced during the manual conversion of text outputs. Improv-
ing models so they can more reliably understand and represent the relationships between
activities, actors, and message flows would mark a notable improvement.

Further research may also explore cross-model collaboration, combining models
specialized in syntax compliance with another one that is optimized for contextual inter-
pretation. Such hybrid system would come up with more reliable and semantically rich
outputs.

Finally, extending the proposed evaluation framework to other modelling languages
would help assess the generalizability of these findings and broaden the understanding of
how language models interpret and formalize processes across different paradigms.
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Appendix A

List of BPMN Exercises and
Sources

This appendix provides the list of BPMN exercises used in this study, together with the
reference to the shared online repository containing all the materials used for analysis.

All exercises, their corresponding BPMN solutions, and AI-generated diagrams (Chat-
GPT, Copilot, Gemini, and DeepSeek) are available in the following online drive folder:

Google Drive Repository: Open Repository

The following lists report the BPMN exercises included in the dataset, each repre-
senting a distinct process scenario used for evaluation.

Exercises from Online Sources

• Bill of Materials - available online at WU Vienna Webtrainer.

• Maintenance - available online at WU Vienna Webtrainer.

• Modifying Order Data - available online at WU Vienna Webtrainer.

• Placing an Order - available online at WU Vienna Webtrainer.

• Project Implementation - available online at WU Vienna Webtrainer.

• Signature Regulation - available online at WU Vienna Webtrainer.

Exercises Adapted from Books or Academic Sources

• Business Trip - adapted from Di Francescomarino, C., Burattin, A., Janiesch,
C., and Sadiq, S. (Eds.). (2023). Business Process Management Forum:
BPM 2023 Forum, Utrecht, The Netherlands, September 11-15, 2023,
Proceedings. Springer, Cham. DOI: 10.1007/978-3-031-41623-1
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List of BPMN Exercises and Sources

• Mine Blasting Process - adapted from De Weerdt, J., and Pufahl, L. (Eds.).
(2024). Business Process Management Workshops: BPM 2023 Interna-
tional Workshops, Utrecht, The Netherlands, September 11-15, 2023,
Revised Selected Papers. Lecture Notes in Business Information Processing,
Vol. 492. Springer, Cham. DOI: 10.1007/978-3-031-50974-2

• Fire Extinguishing Collaboration Model - adapted from Marrella, A., Resinas,
M., Jans, M., and Rosemann, M. (Eds.). (2024). Business Process Man-
agement: 22nd International Conference, BPM 2024, Krakow, Poland,
September 1-6, 2024, Proceedings. Lecture Notes in Computer Science, Vol.
14940. Springer, Cham. DOI: 10.1007/978-3-031-70396-6

• Hiring Process - adapted from Mueller, M., Simonet-Boulogne, A., Sengupta,
S., and Beige, O. (2022). "Process Mining in Trusted Execution Environments:
Towards Hardware Guarantees for Trust-Aware Inter-Organizational Process Analy-
sis." In: J. Munoz-Gama and X. Lu (Eds.), Process Mining Workshops (ICPM
2021 Workshops), Lecture Notes in Business Information Processing,
Vol. 433. Springer, Cham. DOI: 10.1007/978-3-030-98581-3_27

• Hospital Treatment Process - adapted from Gdowska, K., Gomez-Lopez, M. T.,
and Rehse, J.-R. (Eds.). (2025). Business Process Management Workshops:
BPM 2024 International Workshops, Krakow, Poland, September 1-6,
2024, Revised Selected Papers. Lecture Notes in Business Information Pro-
cessing, Vol. 582. Springer, Cham. DOI: 10.1007/978-3-031-78666-2_5

• Table Service Collaboration - adapted from Gdowska, K., Gomez-Lopez, M. T.,
and Rehse, J.-R. (Eds.). (2025). Business Process Management Workshops:
BPM 2024 International Workshops, Krakow, Poland, September 1-6,
2024, Revised Selected Papers. Lecture Notes in Business Information Pro-
cessing, Vol. 582. Springer, Cham. DOI: 10.1007/978-3-031-78666-2_5

• Job Scheduling - adapted from Gdowska, K., Gomez-Lopez, M. T., and Rehse,
J.-R. (Eds.). (2025). Business Process Management Workshops: BPM
2024 International Workshops, Krakow, Poland, September 1-6, 2024,
Revised Selected Papers. Lecture Notes in Business Information Processing,
Vol. 534. Springer, Cham. DOI: 10.1007/978-3-031-78666-2

• International Transport of Goods - adapted from Di Francescomarino, C., Bu-
rattin, A., Janiesch, C., and Sadiq, S. (Eds.). (2023). Business Process Man-
agement Forum: BPM 2023 Forum, Utrecht, The Netherlands, Septem-
ber 11-15, 2023, Proceedings. Lecture Notes in Business Information Process-
ing, Vol. 490. Springer, Cham. DOI: 10.1007/978-3-031-41623-1_6

• Research Process - adapted from Cabanillas, C., Garmann-Johnsen, N. F., and
Koschmider, A. (Eds.). (2023). Business Process Management Workshops:
BPM 2022 International Workshops, Munster, Germany, September 11-
16, 2022, Revised Selected Papers. Lecture Notes in Business Information
Processing, Vol. 460. Springer, Cham. DOI: 10.1007/978-3-031-25383-6
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