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Summary

Software modeling notations such as the Unified Modeling Language and the Business
Process Model and Notation occupy a key role in software engineering education; how-
ever, this importance is not reflected in professional practice, where such notations are
underused, and students perceive learning them as a daunting and frustrating task. The
reasons behind this gap include the cognitive effort needed to correctly map informal
requirements to formal graphical representation, and the necessity of immediate, per-
sonalized, and formative feedback to foster development; a necessity that is, however,
hard to cover in large-scale university courses.

This PhD thesis investigates whether two approaches can be applied to modeling
education to address these limitations. The first, methodological approach is the use
of gamification, the act of integrating game design elements in non-recreational con-
texts, to guide the development of modeling tools that integrate automated diagram
assessment with motivational mechanics, while the second approach is technological
and consists of the use of large language models as intelligent agents that can gener-
ate modeling artifacts, to support the evaluation systems of gamified tools and provide
educational assistance.

The gamification aspects of the research are grounded in four empirical studies per-
formed with two tools developed throughout the first years of the PhD. One of them,
named BIPMIN and focused on gamifying BPMN modeling, was first assessed with a
preliminary usability evaluation and then used in a controlled experiment with students
of a Masters level course. The findings from the experiment led to the definition of a
generalized gamification framework that then guided the development of UMLegend,
a tool that supports UML class diagram assignments, which was then evaluated with a
second controlled experiment, following the same design as the first one. The BIPMIN
tool was then redesigned according to the framework and adopted for a longitudinal
study through the 2023-2024 edition of an Information Systems course, tracking the im-
pact of the game mechanics on modeling performance over five progressive exercises
and through grade comparison with the preceding non-gamified cohort.

The most consistent finding across all four studies is the positive effect of mechanics
that provide direct element-level guidance such as completeness indicators, in-diagram
feedback that changes the style of correct/wrong elements, and detailed error lists, with
these elements improving diagram correctness, being more appreciated by students,
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and making students more willing to interact with the evaluation loop, regardless of
notation or duration of the interaction. Furthermore, the longitudinal study proved
that gamification leads to significant improvements in the final course evaluations,
while also bringing a progressive reduction of errors through the course, demonstrating
that gamified modeling education can bring benefits even over longer learning periods.
However, long-term engagement mechanics proved to be less appreciated in the longi-
tudinal setting as well as in the single-session experiments, hinting that suchmechanics
may require additional social implementations to provide motivational effects.

The research activities focused on LLMs instead covered three empirical studies and
the development of a prototype tool between 2023 and 2025. Two comparative studies
evaluated the GPT-4 architecture against a trained human solver on, respectively, UML
class diagram and use case diagram exercises; then, an LLM-assisted tool named TIGRE
was developed, intended to build on the findings of the two comparative studies and to
provide teacher support in the definition of reference solutions for UML class diagram
exercises, with the end goal of combining it with the aforementioned UMLegend. Lastly,
a final comparative study continued the research thread on class diagram generation by
testing the performance of four LLM agents, with a mix of proprietary and open source
models and adopting a role-based few-shot prompting strategy.

Findings across the three studies on LLM-assistedmodeling tasks show that general-
purpose models can be compared to students in terms of syntactic quality, while per-
forming significantly worse in terms of representing semantic, domain-dependent re-
quirements on class diagrams. Performance proved to bemore comparable on the struc-
turally simpler use case notation. The use of advanced prompting techniques can re-
move syntax errors entirely for most models, while keeping the semantic weakness,
an issue that is encountered in all four architectures. Finally, the prototype assistant
demonstrates that LLM-generated diagrams can be used as structural starting templates
and reduce the effort needed to create reference solutions, while at the same time need-
ing teacher intervention to address the inevitable semantic violations.

The thesis’s contribution to the research literature on softwaremodeling andmodel-
based engineering consists of two developed and evaluated software artifacts (UMLe-
gend, BIPMIN) focused on gamified modeling education, the TIGRE prototype for LLM-
assisted diagram creation (still currently under development at the time of writing), a
three-step automated evaluation pipeline that ties syntactic, semantic, and pragmatic
assessment to gamified feedback, and a multi-notation multi-model empirical bench-
mark for LLM-generated diagrams. Together, the findings establish that gamification
can reliably improve modeling education if it ties game mechanics to high-quality auto-
mated formative feedback, and that LLMs are effective drafting helpers for both diagram
generation and exercise creation tasks, with semantic domain inference being a shared
limitation for both research areas.

iv



I dedicate this thesis to
my parents, Cristiana
and Luca, to my sisters,
Eugenia and Ilenia, and
to my family. Thanks for
always believing in me
and for letting me
become who I am.



Acknowledgements

Looking back to the last four years, it almost feels unreal that I have reached the end
of my PhD path. It almost feels like yesterday when I came to Turin to assist with a
Software Engineering exam in the hot July of 2022, and I still remember the nervous-
ness I felt when I stood on the other side of a classroom for the first time. Who could
have expected that many more moments would follow, like the relief from finishing
my first conference presentation in Oulu, the satisfaction from sending my first serious
experiment paper, or the frustration from receiving the first rejection?

With such a long period spent working on this dissertation, and with so many feel-
ings when remembering everything, there are so many people I want to thank, people
whose presence over the last four years was necessary to reach this point, where I man-
aged to take a significant step toward what will be, hopefully, my future as a researcher.

First of all, special thanks go to my supervisors, Luca Ardito and Riccardo Coppola,
who supported me ever since I was doing my Master’s thesis, who believed in me,
supported me, and guided me in making many decisions that helped shape my path as
a PhD student. I believe I have grown a lot thanks to both of them.

Similarly, the other members of the SoftEng research group have been a great source
of guidance and support over the years, with the constant cooperation through the
challenges of teaching: thank you to Prof. Maurizio Morisio, Prof. Marco Torchiano,
and Prof. Antonio Vetrò.

Very special thanks should also go to the thesis students I followed over the years,
since it was when I saw them happily graduate that I realized I wanted to keep going
on this path; for a few moments, their happiness was also mine.

Thinking back to my stay in San Luis Obispo in Autumn 2025, I want to thank all
the people who made it possible, so thanks to Enrica Lovaglio, the Robinson family,
Prof. Alexander Dekhtyar, Prof. Javier Gonzales-Sanchez, and Prof. Foaad Khosmood.

Lastly, at least for the academic side of these acknowledgments, I want to thank all
the friends from Lab. 1, counting those who decided to leave to search for fortune, as
well as obviously those who remain to this day to make every day worth reaching my
desk and working, or at the very least trying. So, thanks (in random order) to: Fabrizio,
Chiara, Alice, Leonardo, Alessia, Antonio, Giacomo, Pietro, Alessandro, Stefano, Nicola,
Martim, Ciro, Tommaso, Martina, Masoud, Luca, Matteo, Marco, Lorenzo, and Anna.

Of course, I wanted to keep the best for last, as my thanks are not limited to the

vi



academicworld: my family also deserves themost heartfelt thanks, since nothingwould
have been possible without their constant long-distance support, like listening to my
complaints or trying to listen to me explain what I do and why it matters. Then, of
course, I want to thank my second family, my friends from the Giovedì Pasta group:
ever since we started our traditions eleven years ago, every day with you all has been
wonderful. I would not be the person I am now without you.

vii



Contents

List of Tables xi

List of Figures xiii

1 Introduction 1

2 Background and Related Work 11
2.1 Software Modeling and Model Driven Engineering . . . . . . . . . . . . 11
2.2 Gamification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2.1 Gamification in Educational Contexts . . . . . . . . . . . . . . 21
2.2.2 Gamification in Software Modeling . . . . . . . . . . . . . . . . 24

2.3 Artificial Intelligence and Large Language Models . . . . . . . . . . . . 28
2.3.1 Large Language Models for Software Modeling . . . . . . . . . 31

2.4 Empirical Research Methods . . . . . . . . . . . . . . . . . . . . . . . . 33

3 First Attempts at Gamifying Model-Based Engineering: The BIPMIN
Tool 37
3.1 Background and Motivation . . . . . . . . . . . . . . . . . . . . . . . . 37
3.2 Creation of the first prototype and preliminary assessment . . . . . . . 38

3.2.1 Game Elements and Implementation . . . . . . . . . . . . . . . 38
3.2.2 Evaluation Engine . . . . . . . . . . . . . . . . . . . . . . . . . 43
3.2.3 Preliminary prototype assessment . . . . . . . . . . . . . . . . 46
3.2.4 Key findings and lessons learned . . . . . . . . . . . . . . . . . 62

3.3 Revisal of the first prototype . . . . . . . . . . . . . . . . . . . . . . . . 63
3.3.1 Enhanced evaluation engine . . . . . . . . . . . . . . . . . . . . 64
3.3.2 Selected and revised game mechanics . . . . . . . . . . . . . . . 67

3.4 Empirical experiment on the improved prototype . . . . . . . . . . . . 73
3.4.1 Study Design and participants . . . . . . . . . . . . . . . . . . . 74
3.4.2 Research Questions and Metrics . . . . . . . . . . . . . . . . . . 76
3.4.3 Analysis Method . . . . . . . . . . . . . . . . . . . . . . . . . . 78
3.4.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
3.4.5 Threats to validity . . . . . . . . . . . . . . . . . . . . . . . . . 89

viii



3.5 Key findings and lessons learned . . . . . . . . . . . . . . . . . . . . . . 91

4 A new gamification framework and its implementation: the UMLegend
tool 93
4.1 Background and Motivation . . . . . . . . . . . . . . . . . . . . . . . . 94
4.2 Tool Description and Features . . . . . . . . . . . . . . . . . . . . . . . 95

4.2.1 Gamified Mechanics . . . . . . . . . . . . . . . . . . . . . . . . 96
4.2.2 Evaluation Engine . . . . . . . . . . . . . . . . . . . . . . . . . 99

4.3 Empirical Experiment with the Tool . . . . . . . . . . . . . . . . . . . . 103
4.3.1 Study Design and Participants . . . . . . . . . . . . . . . . . . . 105
4.3.2 Research Questions and Metrics . . . . . . . . . . . . . . . . . . 106
4.3.3 Analysis Method . . . . . . . . . . . . . . . . . . . . . . . . . . 108
4.3.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109
4.3.5 Threats to validity . . . . . . . . . . . . . . . . . . . . . . . . . 120

4.4 Key Findings and Lessons Learned . . . . . . . . . . . . . . . . . . . . . 121

5 The improved BIPMIN tool 125
5.1 Limitations of the existing version . . . . . . . . . . . . . . . . . . . . . 126
5.2 Tool changes according to the UMLegend framework . . . . . . . . . . 127

5.2.1 Evaluation Engine . . . . . . . . . . . . . . . . . . . . . . . . . 127
5.2.2 Gamified Mechanics . . . . . . . . . . . . . . . . . . . . . . . . 131

5.3 Longitudinal application of BIPMIN in an educational context . . . . . 134
5.4 Empirical evaluation of the long-term usage . . . . . . . . . . . . . . . 135

5.4.1 Research Questions and Metrics . . . . . . . . . . . . . . . . . . 135
5.4.2 Analysis Method . . . . . . . . . . . . . . . . . . . . . . . . . . 137
5.4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139
5.4.4 Threats to Validity . . . . . . . . . . . . . . . . . . . . . . . . . 151

5.5 Key Findings and Lessons Learned . . . . . . . . . . . . . . . . . . . . . 152

6 Intelligent Agents for Software Modeling Tasks 155
6.1 Study 1: Evaluating Automatically Generated UML class diagrams . . . 156

6.1.1 Study Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156
6.1.2 Research Questions and Metrics . . . . . . . . . . . . . . . . . . 157
6.1.3 Analysis Method . . . . . . . . . . . . . . . . . . . . . . . . . . 158
6.1.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160
6.1.5 Threats to Validity . . . . . . . . . . . . . . . . . . . . . . . . . 165
6.1.6 Key Findings and Lessons Learned . . . . . . . . . . . . . . . . 166

6.2 Study 2: Evaluating Automatically Generated UML use case diagrams . 167
6.2.1 Study Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168
6.2.2 Research Questions and Metrics . . . . . . . . . . . . . . . . . . 169
6.2.3 Analysis Method . . . . . . . . . . . . . . . . . . . . . . . . . . 170
6.2.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 170

ix



6.2.5 Threats to Validity . . . . . . . . . . . . . . . . . . . . . . . . . 173
6.2.6 Key Findings and Lessons Learned . . . . . . . . . . . . . . . . 173

6.3 Study 3: Development of a prototype assistant for the creation of mod-
eling exercises solutions . . . . . . . . . . . . . . . . . . . . . . . . . . 175
6.3.1 Tool Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . 175
6.3.2 Proof-of-Concept Evaluation . . . . . . . . . . . . . . . . . . . 178

6.4 Study 4: A Multi-Model Comparison for Class Diagram Generation . . 182
6.4.1 Study Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . 182
6.4.2 Research Questions and Metrics . . . . . . . . . . . . . . . . . . 189
6.4.3 Analysis Method . . . . . . . . . . . . . . . . . . . . . . . . . . 189
6.4.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 190
6.4.5 Threats to Validity . . . . . . . . . . . . . . . . . . . . . . . . . 196
6.4.6 Key Findings and Lessons Learned . . . . . . . . . . . . . . . . 196

7 Conclusions and Future Work 199

Bibliography 205

x



List of Tables

1.1 Publications supporting the thesis . . . . . . . . . . . . . . . . . . . . . 10
2.1 Core Drives defined in the Octalysis framework, with motivational clas-

sification and example mechanics. . . . . . . . . . . . . . . . . . . . . . 22
2.2 Summary of existing game-like solutions for UML class diagram education 27
2.3 Summary of game-like solutions for UML class diagram education found

with the second literature mapping analysis . . . . . . . . . . . . . . . 28
3.1 Themes selected for the prototype tool and corresponding game elements 40
3.2 GQM Template for the preliminary assessment of BIPMIN . . . . . . . 46
3.3 List of tasks that composed the pilot trial . . . . . . . . . . . . . . . . . 47
3.4 Task order based on a balanced Latin square. . . . . . . . . . . . . . . . 48
3.5 RQ1-related success criteria and metrics for the tasks . . . . . . . . . . 50
3.6 Task completion times. Times that exceeded the expected duration are

shown in bold. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.7 Number of automated evaluation checks performed during exercise-

related tasks. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
3.8 System Usability Scale (SUS) scores given by the participants . . . . . . 54
3.9 GQM Template for the empirical experiment on the improved BIPMIN 74
3.10 Experiment Design for the first BIPMIN empirical study . . . . . . . . . 75
3.11 Summary statistics for Productivity metrics . . . . . . . . . . . . . . . . 79
3.12 Results of the statistical analysis for RQ1 metrics: Size and Attempts.

Statistically significant p-values are in bold . . . . . . . . . . . . . . . . 81
3.13 Summary statistics for Correctness metrics . . . . . . . . . . . . . . . . 82
3.14 Results of the statistical analysis for RQ2 metrics: Syntactical and Se-

mantic Correctness . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84
4.1 Properties of the reference solution schema. . . . . . . . . . . . . . . . 101
4.2 GQM template for the empirical experiment with UMLegend . . . . . . 105
4.3 Experiment Design for the 2024 UMLegend study . . . . . . . . . . . . 106
4.4 Maximum,Minimum, Average, andMedian scores for Productivity metrics 110
4.5 Results of the statistical analysis for RQ1 metrics: Size and Attempts.

Statistically significant p-values are in bold. . . . . . . . . . . . . . . . . 111
4.6 Maximum, Minimum, Average, and Median scores for correctness metrics 112

xi



4.7 Results of the statistical analysis for RQ2 metrics. Statistically signifi-
cant p-values are in bold. . . . . . . . . . . . . . . . . . . . . . . . . . . 114

5.1 GQM template for the experiment . . . . . . . . . . . . . . . . . . . . . 135
5.2 Summary statistics (minimum, maximum, mean, median, standard de-

viation) for Effectiveness metrics . . . . . . . . . . . . . . . . . . . . . . 139
5.3 Summary statistics (minimum, maximum, mean, median, standard de-

viation) for Learning Progress metrics . . . . . . . . . . . . . . . . . . . 141
5.4 Coefficients and p-values for linear model using fixed reference encod-

ing for each progress metric. Statistically significant p-values are in bold. 143
5.5 Coefficients and p-values for linear model using progressive encoding

for each progress metric. Statistically significant p-values are in bold. . 144
6.1 GQM Template for the study comparing LLMs and human solvers on

UML class diagrams . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156
6.2 Characteristics of the 20 exercises used in Study 1. . . . . . . . . . . . . 159
6.3 Descriptive statistics for quality metrics in Study 1. . . . . . . . . . . . 160
6.4 Correlation matrix of the independent variables for RQ2 in Study 1. . . 163
6.5 Linear regression results for RQ2 in Study 1 (significant p-values are in

bold). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165
6.6 GQM Template for the study comparing LLMs and human solvers on

UML use case diagrams . . . . . . . . . . . . . . . . . . . . . . . . . . . 167
6.7 Characteristics of the 17 exercises used in Study 2. . . . . . . . . . . . . 168
6.8 Descriptive statistics for completeness and redundancy in Study 2. . . . 171
6.9 Summary metrics for the two exercises used for the proof of concept in

Study 3. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180
6.10 GQM Template for the study comparing different LLM agents on UML

class diagram generation . . . . . . . . . . . . . . . . . . . . . . . . . . 183
6.11 Summary statistics for syntax errors, semantic errors, and diagram com-

pleteness in Study 4. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 190
6.12 Results of the linear model applied between LLM pairs. Statistically

significant p-values are in bold. . . . . . . . . . . . . . . . . . . . . . . 193

xii



List of Figures

3.1 Application section showing the Progress version . . . . . . . . . . . . 40
3.2 Application section showing the Competition version . . . . . . . . . . 41
3.3 Application section showing the Rewards version . . . . . . . . . . . . 42
3.4 BPMN linting extension highlighting elements with errors . . . . . . . 43
3.5 Count of the preferences expressed by participants about which ver-

sions they would be more likely to use . . . . . . . . . . . . . . . . . . 56
3.6 Scores assigned to the three game versions in the post-study survey . . 57
3.7 Preference scores assigned to the eight game mechanics . . . . . . . . . 58
3.8 Scores assigned to the eight game mechanics in the post-study survey . 59
3.9 Exercise page sidebar implementing the Rewards, Progress, and Penalty

mechanics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
3.10 Modal window shown after an automated evaluation listing which pro-

cess parts are modeled and which ones are still missing . . . . . . . . . 71
3.11 Implementation of the Feedback mechanic via the changes to a student’s

diagram . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
3.12 Box and violin plots for RQ1 metrics . . . . . . . . . . . . . . . . . . . . 80
3.13 Box and violin plots for RQ2 metrics . . . . . . . . . . . . . . . . . . . . 83
3.14 Distribution of the answers to the GAMEX questionnaire . . . . . . . . 85
3.15 Distribution of the average opinions related to the gamified mechanics’

three constructs (influence, perceived usefulness, appreciation) . . . . . 86
3.16 Results of the open coding procedure performed on the students’ open

answers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
4.1 Base modeler of the UMLegend tool . . . . . . . . . . . . . . . . . . . . 96
4.2 Exercise page of the tool showing: 1) Student Avatar, 2) Indicators, 3)

Error Lists, 4) Diagram Feedback, 5) Exercise Menu . . . . . . . . . . . 99
4.3 Syntax evaluation algorithm . . . . . . . . . . . . . . . . . . . . . . . . 103
4.4 Semantic evaluation algorithm . . . . . . . . . . . . . . . . . . . . . . . 104
4.5 Pragmatic evaluation algorithm . . . . . . . . . . . . . . . . . . . . . . 104
4.6 Box and violin plots for RQ1 metrics . . . . . . . . . . . . . . . . . . . . 110
4.7 Box and violin plots for RQ2 metrics . . . . . . . . . . . . . . . . . . . . 113
4.8 Distribution of students’ average opinions for RQ3.1 constructs . . . . 116
4.9 Distribution of answers related to the different game mechanics . . . . 118

xiii



4.10 Results of the open coding procedure on the answers given to the two
open-ended questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

5.1 Syntax evaluation rules . . . . . . . . . . . . . . . . . . . . . . . . . . . 130
5.2 Semantic evaluation algorithm . . . . . . . . . . . . . . . . . . . . . . . 131
5.3 Exercise page in the revised BIPMIN application showing 1) Student

Avatar, 2) Boss, 3) Indicator, 4) Error Lists, 5) Process Parts Lists, 6)
Diagram Feedback, 7) Exercise Menu . . . . . . . . . . . . . . . . . . . 134

5.4 Box and violin plots for RQ1 metrics . . . . . . . . . . . . . . . . . . . . 140
5.5 Box and violin plots for RQ2 metrics . . . . . . . . . . . . . . . . . . . . 142
5.6 Distribution of students’ average opinions for RQ3.1 constructs . . . . 146
5.7 Distribution of answers related to the different game mechanics . . . . 147
5.8 Distribution of answers related to the longitudinal usage of BIPMIN . . 149
5.9 Results of the open coding procedure on the answers given to the two

open-ended questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150
6.2 Box and violin plots for RQ1 metrics in the first study (separated for

readability) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162
6.3 Dumbbell plot showing the semantic distances obtained in the first study

by the two solvers (Human vs. LLM) . . . . . . . . . . . . . . . . . . . 164
6.4 Box and violin plots for metrics observed in the second study . . . . . . 171
6.5 Differences in performance observed in the second study . . . . . . . . 172
6.6 Execution flows for the creation of reference solutions with the TIGRE

assistant . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176
6.7 Reference solutions for the two exercises used in the proof-of-concept

evaluation of the TIGRE assistant . . . . . . . . . . . . . . . . . . . . . 179
6.8 Solutions generated for the two exercises used in the proof-of-concept

evaluation of the TIGRE assistant . . . . . . . . . . . . . . . . . . . . . 181
6.9 Box and violin plots for metrics observed in the fourth study . . . . . . 191
6.10 Categories and counts of the syntax and semantic errors found in Study

4, grouped by model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 194

xiv



Chapter 1

Introduction

In software engineering, formal modeling notations occupy a fundamental niche due
to their importance in the early phases of requirements definition, where they are used
to represent and convey to developers and stakeholders essential information such as
conceptual models, use cases, goals, and formal requirements, design and architecture
patterns, process execution, or infrastructure and deployment choices. Despite the im-
portance of modeling languages in the software development process, they tend to be
underused in professional practice, with developers preferring more informal methods
to communicate requirements, and their importance is not conveyed successfully in
educational curricula, with modeling topics being perceived as frustrating and inacces-
sible by novice learners.

Furthermore, teaching modeling notations such as the Unified Modeling Language
(UML) or Business Process Model and Notation (BPMN) implies that students have to
perform practical assignments that need continuous feedback loops that can identify re-
curring error patterns and provide guidance on how to avoid them by pointing out cor-
rect modeling practices; however, tools that can support educators by providing large-
scale feedback are limited. This thesis aims to address this gap by exploring whether
the use of gamification can be used as a supporting technique to enhance the learn-
ing process focused on modeling notations, intending to fill the research gap related
to a reduced body of rigorously evaluated gameful solutions for software modeling. A
third gap identified at the beginning of the thesis work was the relatively unexplored
potential of large language models as assistants for both learners and educators in di-
agram evaluation and generation. The work described in this thesis covers the inter-
section of these three gaps by asking whether gamified modeling tools can improve
student engagement, performance, and learning progression, as well as asking whether
intelligent language model agents can complement or extend the automated evaluation
mechanisms that are necessary for gamified tools to function.

The challenges in learning software modeling notations’ fundamentals, together
with the obstacles that make acquiring proficiency a daunting task for students, are
well documented by the research literature: surveys on students and practitioners that

1



Introduction

study and use UML identified multiple issues that make it hard to justify adopting the
notation such as its inherent complexity, the need to put high effort to ensure diagrams
remain consistent following code evolutions, and a lack of valid interactive learning
tools [114]. Other investigations, focused explicitly on student behavior, identified sys-
tematic error patterns that emerge as a consequence of the reluctance to learn, patterns
that relate to incorrect understanding of association and inheritance semantics, inability
to correctly represent object identity, and incorrect placement of attributes; these errors
tend to persist even following explicit teacher guidance and impact the overall quality
of the resulting student-produced models [16]. Other obstacles toward adopting UML
in agile contexts include the preference for informal, easier to maintain representations,
preferring a focus on speed over precision, excessive tool complexity discouraging con-
tinuous use, and low return on investment [117, 98].

Concerning BPMN, obstacles to adoption are comparable: novice modelers tend to
struggle with correctly representing control flow executions, understanding the seman-
tics behind gateways, and tend to have trouble handling communication with multiple
pools; these challenges can also be further amplified by the lack of standardized ped-
agogical frameworks and by the anxiety-inducing assignments tied to the aforemen-
tioned obstacles that hinder formal progress representation [7, 89]. All these obstacles
share a common structural challenge: reaching an adequate level of competence in soft-
ware modeling tasks requires sustained practice supported by immediate, specific, and
actionable feedback that can help students identify the causes behind their errors and
provide insights on how to correct them instead of simply reporting failure [13]. How-
ever, providing feedback with such a level of detail in courses with hundreds of enrolled
students is not feasible through instructor assistance alone: automated and interactive
feedback can be considered strategies with high potential for improving learning out-
comes in modeling education, with the caveat that the quality and immediacy of the
feedback must be seen as the primary factor that affects student behavior [68].

Gamification, defined by Deterding et al. [37] as the act of using game design ele-
ments in non-recreational contexts for the purpose of improving performance and in-
creasingmotivation and participation, is a technique that has been proposed in response
to the motivational challenges behind the low student interest in modeling activities.
There are multiple examples in the literature that motivate why a careful selection of
game mechanics could be beneficial: elements such as progress bars and experience
points support the students’ need for competence and make skill development tangi-
ble, avatar customization and narrative elements allow for autonomous experiences
and make students feel connected with their tasks, while competition and cooperation
mechanics foster the need for relatedness [34].

Evidence from studies on gamification applied to education suggests that the tech-
nique can bring small tomedium improvements on cognitive outcomes and engagement
when the game mechanics are selected to match the educational process, but also high-
lights the risk of poorly designed implementations that focus excessively on extrinsic
rewards or competitive comparison, with consequent loss of motivation over time and
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neutral, or even negative results [63, 107, 64]. In the software engineering field, studies
that apply gamification focus most on coding, development, and testing, while design,
modeling, and requirements engineering tasks are substantially less explored [101].

This gap is particularly significant in terms of tools designed to support BPMN and
UML modeling: only one gamified tool exists for BPMN modeling, and its intended
use is for industrial modeling with a focus on sustainability-oriented assessment rather
than educational use [86], while most tools that apply gamification to UML tend to
cover class diagrams, are serious games (games with an educational purpose rather
than educational tools with game elements), and make use of predefined element se-
lection instead of allowing free diagram construction; furthermore, at the time the PhD
research began, almost none of them were subjected to longitudinal controlled eval-
uations. The absence of rigorously evaluated gamified educational environments that
provide automated formative feedback constitutes themain research gap thatmotivated
the first research goal of the thesis.

The second research goal, instead, emerged from the limitations found with the em-
pirical validations performed to address the first goal: the tools developed during the
PhD implemented evaluation systems that would assess a student’s diagram to iden-
tify content matching the intended correct solutions well enough to receive rewards
and obtain corrective feedback for errors, such as missing content or imperfections re-
lated to the exercise’s target domain. The matching procedures implemented within
these evaluation engines relied on matching the labels assigned to diagram elements
against teacher-defined reference structures using normalized edit distance compar-
isons to identify content intended to represent specific requirements, with synonyms
and alternative spelling options supported to accommodate naming variations. This ap-
proach proved to be effective in most scenarios but encountered issues in cases where
a student would label a given element using a semantically valid phrase/noun that was,
however, not expected in the defined reference, leading to false negatives (e.g., elements
correctly modeled marked as missing), resulting in unjustified errors that would cause
frustration and reduce the educational impact of the feedback mechanism.

Large language models (LLMs), a technology that became available shortly after the
beginning of the PhD, showed promising capabilities in semantic similarity assessment
thanks to their massive linguistic training, and were identified as a potential solution
to the excessively rigid evaluation systems. Furthermore, LLMs also raised a separate
empirical question: could a general-purpose model, with its text interpretation capa-
bilities, be used as an educational assistant and generate diagrams of sufficiently high
quality to serve as draft example solutions, exercise templates, or illustrations of domain
models to be shown to students?

Early surveys of LLM use in software engineering tasks confirmed that researchers
prefer focusing on code centric activities, while model-based tasks were relatively less
popular [43, 66], and the early studies on LLM-generated UML models pointed out a
limitation: the produced diagrams were structurally sound and adhered to the UML
language’s syntactic rules, while also presenting significant structural and semantic
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deficiencies such as incorrect association types and multiplicities, requiring constant
human correction [24, 27]. These gaps motivated the second research goal of the PhD,
and led to the studies described within Chapter 6.

The research activities described in this thesis evolved progressively across multiple
phases, with each one motivated by the limitations that had emerged in the preceding
ones. The first phase saw the development of a prototype web application for gamified
BPMN exercise solving named BIPMIN; the prototype was designed with three distinct
themes guiding the selection of game mechanics, in order to identify the most effective
motivational approaches in a modeling context. The prototype was first tested with a
preliminary usability study with twelve participants [10], and a revised version com-
bining the most appreciated mechanics was evaluated with a controlled experiment in
January 2023. The study involved Masters-level students and aimed at evaluating how
gamification would impact diagram correctness, student productivity, and user percep-
tion [56, 55]; findings from the study confirmed a positive effect on semantic diagram
quality and involvementwith the exercises, but also exposed a second critical limitation,
in addition to the aforementioned rigidity of the evaluation engine which caused ex-
cessive and unfair penalization for semantically correct modeling choices: a gamified
tool that implements long-term mechanics such as leaderboards or level progression
systems cannot be fully evaluated with a single-session design, since those mechanics
cannot be completely appreciated, and their impact on student performance cannot be
observed.

These two limitations guided the second phase, where a generalized gamification
framework was designed, distinguishing between exercise-specific mechanics that as-
sist students in the context of each separate exercise and long-term mechanics that mo-
tivate students to keep interacting with the gamified tool and, in turn, perform more
practical activities. A new tool, UMLegend [22], was developed according to this new
framework, focused on UML class diagram evaluation and with a tailor-made, less re-
strictive, evaluation engine supportingmultiple reference solutions and additional nam-
ing variability: this tool was then evaluated with a controlled experiment performed in
January 2024 [58, 57].

In parallel with the development of this new tool, the BIPMIN application was also
redeveloped from scratch following the tenets of the new framework and then deployed
longitudinally throughout the 2023-2024 edition of an Information Systems course, pro-
viding the first example of longitudinal evaluation of gamified process modeling, deriv-
ing insights on whether the technique sustains positive effects over an entire academic
semester and impacts final evaluation grades [51, 54].

In both controlled experiments on the two tools, the limitation of strict evalua-
tion engines was still observed, although with less frequency compared to the first em-
pirical study and reduced impact on student frustration; the need to include element
matching approaches within the tools, together with the emergence of large language
models, motivated the third phase of the research: a series of three empirical stud-
ies examining LLM agents’ capabilities to generate UML diagrams, together with the
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development of an intelligent, LLM-based assistant for the creation of enhanced refer-
ence solutions to provide additional variability for students solving exercises using the
UMLegend tool [49]. The first two empirical studies, started as Masters’ thesis works
in late 2023, instead covered the comparison of LLM-generated class diagrams against
student-produced ones [31] and an analogous evaluation focused on use case diagrams
[53]; the findings that emerged from those studies pointed out that LLMs could gener-
ate syntactically valid diagrams, although with a tendency to hallucinate superfluous
elements and with critical semantic violations that made them incomplete. The final
study described in this work was also conceptualized as a Master thesis at first, and
aimed at overcoming a potential limitation of the two aforementioned studies: the use
of unstructured minimal prompts may have impacted the quality of the produced mod-
els, and advanced techniques could let LLM agents create more suitable diagrams. For
this purpose, a multi-model comparative study was performed in 2025, adopting role-
based few-shot prompting and using four LLM architectures, covering both proprietary
and open source models to identify each agent’s strengths and weaknesses [52].

The research is organized around six overarching research questions that span across
the three research phases and are formulated at an abstraction level that encompasses
the chapter-specific research questions, with the goal of providing a unified evaluative
flow across the entire thesis. To distinguish them from the study-specific research ques-
tions answered in the following chapters, these overarching questions are formalized
as Thesis Research Questions (TRQs). Three questions concern the gamification efforts
conducted in the first two years of the PhD:

TRQ1: Does the application of gamification to software modeling exercises lead to mea-
surable improvements in student performance?
This question is answered with the empirical studies described in Chapters 3 and
4: the use of within-subjects crossover experiments that compare gamified and
non-gamified modeling assignments allows to compare student performance and
makes it possible to identify differences in the outcomes tied to the treatment. The
studies aim to measure whether gamification affects the productivity aspects that
lead students to engage with the modeling environments, as well as the impact on
diagram quality, measured with completeness, and syntactic and semantic qual-
ity. In the BIPMIN study described in Chapter 3, semantic quality was measured
through diagram completeness, while subsequent studies measured it through
counts of domain representation errors; the two measures are directionally op-
posite and not directly comparable.

TRQ2: Does sustained exposure to a gamified modeling tool over the duration of an aca-
demic course produce improvements in modeling competence?
This question, reliant on the longitudinal study presented in Chapter 5, moves the
temporal dimension beyond single interactionswith gamified tools, andmeasures
the impact brought by gamification applied in a longitudinal setting on the grades
obtained by students exposed to the tool in final course evaluations through a
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comparison with students of the preceding edition of the course acting as the
non-gamified baseline. Moreover, the longitudinal study measures the impact
gamification has on skill growth through comparisons of student performance
over the set of exercises offered throughout the course.

TRQ3: How do students perceive gamified modeling tools?
This question spans across all three controlled studies and is answered with the
collection and analysis of student opinions through validated questionnaires that
measure usability, gamification-specific perception, appreciation of the imple-
mented game mechanics and their perceived impact, reported issues, and sug-
gestions to improve the tool for future use.

The second set of thesis research questions is instead structured around the studies
on LLM-assisted modeling activities, and is presented below:

TRQ4: Can LLM agents generate UML class and use case diagrams whose quality is com-
parable to that of student-produced diagrams?
This question is evaluated through two comparative studies where automatically
generated diagrams are compared against solutions drawn by students working
under exam-like conditions, with assessment criteria focused on syntactic cor-
rectness, semantic adherence to the target domain, closeness to expert-approved
solutions, and presence of hallucinations expressed as superfluous elements. This
question is of pivotal importance for the third research phase, since it establishes
whether the quality of LLM-generated artifacts is acceptable enough to integrate
the technology into the educational workflow, or whether the differences in qual-
ity are too large to be surpassed without extensive human correction.

TRQ5: Can an LLM-based tool support educators in the creation of exercise reference so-
lutions?
This question guided the development of a prototypical assistant that integrates
LLM support in the process for defining reference solutions in UMLegend, with
a proof of concept evaluation that observes whether the generated draft solu-
tions are structurally correct and can be used to support an interactive workflow
between human lecturers and LLMs, potentially more efficient than completely
manual generation. Given the effort needed to define solutions and the issues that
come with under-specified references, the development of such a tool is crucial
to extend the capabilities of the tools developed in the first two research phases.

TRQ6: How do different LLM architectures compare in diagram generation quality under
equal conditions (exercise selection and prompting strategy)?
This question builds upon the findings of the first two comparative studies on
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LLM-assisted diagram generation, introducing a more advanced prompting strat-
egy tested on four different LLM agents, with the intent of identifying the best-
suited models to integrate into tool development and educational activities, de-
pending on the specific model-related goal.

To address these six overarching research questions, multiple studies have been
conducted and published over the duration of the PhD programme; Table 1.1 lists all
studies, together with the publication venue, the publication year, the chapter in which
each publication is described, and the corresponding TRQ(s).

The contributions to the research area of software engineering education made
to answer the six thesis research questions can be summarized according to four di-
mensions. The empirical contribution consists of one tool-development activity and
seven empirical studies designed using the Goal-Question-Metric template, ensuring
a traceable alignment between each study’s goals, the research questions formulated
to reach them, the metrics used to answer the questions, and the statistical analyses
on said metrics. Validated instruments were also applied throughout the controlled
studies to measure participant perception, such as the Technology Acceptance Model,
the GAMEX scale to measure the perception of the gamified experience, and the Sys-
tem Usability Scale; the consistent use of the same instruments allows for meaningful
cross-experiment comparison [9], necessary to draw findings and answer the research
questions.

The second contribution, more focused on tool development, introduces two de-
veloped and empirically validated software artifacts in the form of the BIPMIN and
UMLegend gamified platform, with the former providing a dual contribution, first as a
prototype and then as a redesigned longitudinal application; the prototypical intelligent
assistant, named TIGRE, also falls within this category. The chapters that describe the
two gamified tools also discuss in detail their availability to the research community.

The design contribution is finalized through the articulation of a gamification frame-
work that distinguishes exercise-specific feedback mechanics, whose main purpose is
providing actionable suggestions for students to correct their mistakes and improve
their knowledge, and mechanics focused on long-term engagement that motivate stu-
dents to continue using educational tools. The validity of the framework and of the
design choices that led to its formulation are validated by the consistent findings across
the three empirical studies, where the different categories of game mechanics produced
different motivational effects depending on the context.

Finally, the methodological contribution consists of the application of three dimen-
sional quality assessment criteria [82] across all studies: the distinction between syntac-
tic, semantic, and pragmatic quality is followed in both the evaluation engines used in
the gamified tools and in the manual evaluation protocols devised for the LLM studies,
enabling a consistent comparison of human and agent modeling performance across
different studies and different notations.

Furthermore, the PhD career also saw a contribution to other research activities
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focused more on software testing, and those activities were not included in the further
chapters. These activities resulted in the following publications:

• GERRY: A Gamified Browser Tool for GUI Testing / Garaccione, Giacomo; Ful-
cini, Tommaso; Torchiano, Marco. - (2022), pp. 2-9. ( Proceedings of the 1st Inter-
national Workshop on Gamification of Software Development, Verification, and
Validation (Gamify ’22) Singapore, November 17, 2022) [https://doi.org/
10.1145/3548771.3561408].

• Guidelines for GUI Testing Maintenance: A Linter for Test Smell Detection / Ful-
cini, Tommaso; Garaccione, Giacomo; Coppola, Riccardo; Ardito, Luca; Torchi-
ano, Marco. (2022), pp. 17-24. ( A-TEST 2022: 13th Workshop on Automat-
ing Test Case Design, Selection and Evaluation Singapore November 17-18, 2022)
[https://doi.org/10.1145/3548659.3561306].

• A Framework for the Gamification of GUI Testing / Coppola, Riccardo; Ardito,
Luca; Fulcini, Tommaso; Garaccione, Giacomo; Torchiano, Marco; Morisio, Mau-
rizio - In: Software Engineering for Games in Serious Contexts / Cooper K.M.L.,
Bucchiarone A.. [s.l]: Springer, Cham, 2023. - ISBN 978-3-031-33337-8. - pp.
215-242 [https://doi.org/10.1007/978-3-031-33338-5_10]

• Gamified GUI testing with Selenium in the IntelliJ IDE: A Prototype Plugin /
Garaccione, Giacomo; Fulcini, Tommaso; Stefanut Bodnarescul, Paolo; Coppola,
Riccardo; Ardito, Luca. (2024), pp. 76-80. ( IDE ’24: 1st ACM/IEEE Workshop
on Integrated Development Environments Lisbon (PT) 20 April 2024) [https:
//doi.org/10.1145/3643796.3648459].

• Gamifying Testing in IntelliJ: A Replicability Study / Straubinger, Philipp; Fulcini,
Tommaso; Garaccione, Giacomo; Ardito, Luca; Fraser, Gordon. - In: Proceedings
of the ACM on Software Engineering. - ISSN 2994-970X. - 2:ISSTA(2025), pp.
2407-2429. [https://doi.org/10.1145/3728983]

The thesis is organized as follows: Chapter 2 provides the theoretical background
on which the research activities are built upon by introducing Model-Driven Engineer-
ing, with a focus on the notations explored by the subsequent studies, then presents
gamification theory, its applications in the educational and software engineering do-
mains, followed by a mapping of existing strategies focused on conceptual modeling
education; it then introduces large language models and their applications to software
modeling activities, before presenting the shared empirical methods used across the
studies.

Chapter 3 presents the first iteration of the BIPMIN prototype, describing the pre-
liminary usability study, the redesign process performed before the 2023 empirical study,
and summarizes the results achieved by said experiment, with the lessons learned that
guided the subsequent research activities. The framework designed as a consequence

8

https://doi.org/10.1145/3548771.3561408
https://doi.org/10.1145/3548771.3561408
https://doi.org/10.1145/3548659.3561306
https://doi.org/10.1007/978-3-031-33338-5_10
https://doi.org/10.1145/3643796.3648459
https://doi.org/10.1145/3643796.3648459
https://doi.org/10.1145/3728983


Introduction

of these findings is described in Chapter 4, which discusses how it was implemented in
the new UMLegend tool and then follows with the description of the controlled experi-
ment performed with the new tool, extending the body of contributions brought by the
thesis.

Chapter 5 then continues with the description of the improved BIPMIN tool and its
longitudinal application in the 2023-2024 academic year, presenting the results of the
empirical study and confirming findings related to the gamification aspect of the PhD
work. The LLM-focused research activities are instead presented in Chapter 6, which
begins from the first feasibility evaluation to the development of the intelligent solution
creator before delving into the multi-model assessment.

Lastly, Chapter 7 consolidates the lessons learned across the entire set of research
work, draws conclusions, and describes the planned future research activities intended
to extend the thesis work to contribute to the model-based engineering research com-
munity.
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Table 1.1: Publications supporting the thesis

Publication Venue (Year) Chapter / TRQs

P1: BIPMIN: A Gamified Framework for
Process Modeling Education

Information, 2023 Ch. 3 / TRQ1, TRQ3

P2: Gamification of Business Process
Modeling Notation Education: An Expe-
rience Report

EASE, 2023 Ch. 3 / TRQ1, TRQ3

P3: Gamification of Business Process
Modeling Education: An Experimental
Analysis

Software and Systems
Modeling, 2024

Ch. 3 / TRQ1, TRQ3

P4: Umlegend: A gamified learning tool
for conceptualmodelingwith uml class di-
agrams

Gamify, 2023 Ch. 4 / TRQ1, TRQ3

P5: Gamification of conceptual modeling
education: an analysis of productivity and
students’ perception

Software Quality Jour-
nal, 2024

Ch. 4 / TRQ1, TRQ3

P6: Gamification of conceptual modeling
education with UML class diagrams: an
experimental analysis

Software and Systems
Modeling, 2026

Ch. 4 / TRQ1, TRQ3

P7: Gamifying business process modeling
education: a longitudinal study

EASE, 2024 Ch. 5 / TRQ2, TRQ3

P8: Gamification of a BPMN modeling
course: An analysis of effectiveness and
student perception

ESEM, 2024 Ch. 5 / TRQ2, TRQ3

P9: Evaluating large language models in
exercises of UML class diagram modeling

ESEM, 2024 Ch. 6 / TRQ4

P10: Evaluating large language models in
exercises of UML use case diagrams mod-
eling

NLBSE, 2025 Ch. 6 / TRQ4

P11: An Automated Diagram Generator
of Reference Solutions for Modeling Edu-
cators

SEAA, 2026 Ch. 6 / TRQ5

P12: A comparison of different Large Lan-
guage Models for the generation of UML
class diagrams

MODELS-C, 2025 Ch. 6 / TRQ6
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Chapter 2

Background and Related Work

2.1 Software Modeling and Model Driven Engineer-
ing

Model-Driven Engineering (MDE) is a software development paradigm that placesmodel
artifacts as the key components of the development process instead of considering them
as simple documentation assistants [112]. InMDE, ametamodel is used to define amod-
eling language and its abstract syntax, intended as the set of concepts that the language
can express, and the constraints that models must satisfy; concrete models that respect
the specifications of a metamodel are used to represent specific systems or domains.
Model transformation, instead, is a process that allows the automatic translation of
models between different formats and representations, enabling the execution of activ-
ities such as code generation, model refinement, ormigration to different notations. The
dominant notation in the MDE ecosystem is the Unified Modeling Language (UML), a
graphical notation commonly adopted throughout different steps of the software engi-
neering process by offering diagram families that cover both structural and behavioral
aspects of a system, supporting activities such as requirements definition, system and
architecture design, use case specification, and activity sequencing.

Among the various types of diagrams covered by UML, class diagrams are one of
the most important and commonly used notations due to their effectiveness for re-
quirements engineering and object-oriented development: through class diagrams, it is
possible to represent the concepts that compose a system, its design expressed as the
combination of hardware and software subsystems, as well as the software classes to
implement in code.

This is achievedwith the use ofClasses, rectangle-shaped elements used to represent
sets of objects with common properties and relationships, with each specific instance of
a class being called an Object ; properties are called Attributes and are characterized by a
unique (for the class) name and a type, with each object having a specific value for each
defined attribute; the final element expresses relationships between classes through
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Associations, lines that connect two classes and specify a value named Multiplicity for
both classes: this number states the minimum and maximum number of objects that
can be connected in a relationship.

Beyond class diagrams, other key notations defined by UML support the different
phases of software development. One of these notations is the concept of use case dia-
grams, a notation used in requirement engineering processes to capture the functional
capabilities of a system from the perspective of the external environment, that is, its
intended users and other systems that interact with it. A use case diagram identifies
the actors, external entities that interact with a given system, the use cases, discrete
functional units that implement the system’s capabilities, and three type of relation-
ships: associations that connect actors to the use cases they participate in, either as the
executing actor or as a supporter, inclusion relationships where one use case uncondi-
tionally invokes another as part of its execution flow, and extension relationships that
identify scenarios where one use case may continue the functionalities of another when
certain conditions are verified [48]. The notation’s intended use is communication be-
tween technical and non-technical stakeholders during the early phases of requirements
definition, making it more abstract and purposely less detailed in terms of variability
compared to class diagrams, which serve multiple purposes in MDE activities.

Despite being themost commonly used notation for object-oriented design and doc-
umentation, UML tends to be underused in both industrial contexts and academic ed-
ucation, with several studies documenting causes for this gap. A survey asking prac-
titioners and students for perceived difficulties identified limitations such as notation
complexity, the necessity of putting effort to keep consistency between diagrams and
code, and absence of adequate tools for supporting interactive learning [114]; another
investigation on university programming courses conceptualized the issues for UML
class diagrams, finding systematic misunderstandings related to object identity, inher-
itance understanding, and difficulties in representing association semantics that per-
sisted after the learning phase [16]. An observation focused more on the practitioner
side found that, during agile development processes, there is a tendency to substitute
formal UML representations with informal whiteboards and other, less detailed nota-
tions, due to a preference for speed and flexibility against completeness and precision
[117]; in addition to the aforementioned limitations, practitioners and instructors also
report barriers such as excessive tool complexity and an inability to perceive enough re-
turn on investment to justify adopting UML instead of less formal approaches [98]. The
same survey also pointed out misalignment between which diagram types are promi-
nent in educational syllabi, pointing out the need for educational approaches contextu-
alized in real industrial practices.

The low usage of the UML notation has relevant implications on educational as-
pects: Bogdanova [13] showed that a substantial amount of practice is necessary to
reach a basic level of proficiency in conceptual modeling, and identified recurring error
patterns among learners over the years; the conclusion behind the study is that sus-
tained and personalized feedback is necessary to help students reach a sufficient level
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of competence: however, providing such assistance is a complex endeavor in large-scale
university courses. A review of tools by Huber and Hagel [68] for assisting UML edu-
cation identified automated and interactive approaches as potentially one of the most
effective strategies for improving the learning process, while also pointing out the im-
portance of the quality and immediacy of the feedback on making educational tools
actually effective.

The challenge of providing automated formative feedback is not unique to modeling
education: automated assessment tools have been studied extensively in programming
education over the past two decades. Surveys [2] have classified automatic evaluators
for programming assignments, dividing them into static analysis methods, dynamic
testing, and software metric extraction, finding trade-offs between assessment accu-
racy and the effort required to create reference solutions. Further reviews highlighted
a growing trend toward web platforms that combine immediate feedback with submis-
sion tracking [69] and found that, despite feedback types becoming more varied over
the past decades, most tools still focus on identifying mistakes rather than guiding stu-
dents toward a solution, and that teachers cannot easily adapt tools to their specific
course needs [74].

As a consequence, the definition of feedback mechanisms tailored to students that
do not require teacher intervention, can balance accurate assessments with variability
in the solution space, and can substitute human assessment by providing corrective
feedback, was identified as one of the guidingmotivations behind the research activities
undertaken throughout the PhD.

Automated Evaluation of UML Class Diagrams

Automatic assessment of UML diagrams is a relevant problem for software engineer-
ing educators, and research literature has explored multiple approaches to assess it. A
valid assessment process cannot simply evaluate whether a diagram follows rules and
constraints defined by the UML specification, but should also ensure that the intent
behind a model is consistent with the scenario it is supposed to represent, evaluating
the students’ ability to represent adequately different domains, together with following
modeling best practices.

One of the earliest studies that systematically defined ways to understand and mea-
sure model quality was presented by Lindland et al. [82], who identified three quality
dimensions: syntactic quality, which was defined as the adherence to a given language’s
modeling rules, semantic quality, presented as a diagram’s fidelity to the intended do-
main, and pragmatic quality, the understandability of a diagram to human readers and
stakeholders. Over the years, these three dimensions became the most commonly used
taxonomy to evaluate model-based assignments such as UML diagrams, with several
automated tools referring back to them.

An application of these three dimensions specifically for UML class diagrams was
described by Bolloju and Leung [14], who analyzed recurring modeling errors made
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by students and grouped them according to the three categories. The resulting tax-
onomy found that most syntax issues regard absence of cardinality values or attribute
types, inappropriate element naming, and general incorrect use of the UML notation
when representing a diagram; semantic issues related to wrong multiplicity values or
attribute types, placing attributes or methods in the wrong classes, and using wrong as-
sociation types when connecting classes; finally, pragmatic issues covered understand-
ability defects such as redundant elements, under-explained hierarchies in inheritance
relationships, readability issues, and inconsistencies in the graphical representation of
elements.

Following the taxonomy described above, multiple tools have been developed over
the last ten years to automate class diagram evaluation: one example of such tools
has been developed by Anas et al. [3], who implemented a semi-automatic summative
approach for providing feedback to students without relying on teacher intervention.
Their solution works by converting a diagram into a labeled graph where classes and
attributes are nodes and associations between classes become the connecting edges; a
similarity measure computed as the weighted sum of three independent, configurable
measures (syntactic, structural, and semantic) between said graph and the graph repre-
sentation of the teacher’s diagram is used to generate feedback showing matching ele-
ments, differences, and errors. A certain degree of variability is allowed in the valuation
by accepting comparisons with multiple teacher diagrams, but the authors highlight the
weakness of the approach on complex exercises, where matching performance tends to
fall, leading to low precision scores.

Another approach for automated comparison was presented by Nikiforova et al.
[96], who defined a numeric metric named semantic distance to quantify the difference
between two diagrams as a way to understand missing elements and matches without
needing to manually inspect them. The approach consists of computing four indepen-
dent distance vectors for classes and interfaces, attributes, methods, and associations:
for each vector, elements of the corresponding type found in the first diagram are paired
with the element in the second with the closest semantic similarity (found by compar-
ing the elements’ names); the euclidean vectors are then used to compute the semantic
distance for each element type, and for the overall diagram, allowing for a way to un-
derstand which areas need to be revised to bring a diagram closer to a reference. An
overall distance score of 0 means that two diagrams are equivalent, and higher distance
scores mean that the diagram under evaluation is farther from the reference. While the
approach is effective for understanding improvement areas, it requires human inter-
vention in case of elements with names that are semantically equivalent but lexically
different, since they would not be considered a valid match.

UMLGrade [44] is presented as a six-step pipeline where a teacher can define the
reference diagram and evaluation criteria, and an automated comparison can then be
performed between said reference and student-produced diagrams, resulting in a re-
port that covers semantic and syntax aspects, as well as adherence to design rules and
object-oriented development principles, and readability, going beyond simple structural
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comparison. It can be seen as a way to emulate the evaluation process performed by
a teacher, and allows multiple ways to convey the same concept, allowing for more
variety in the space of accepted student solutions.

A practical example of how UMLGrade can be used in practice has been described
by Modi et al. [93], who extended it to also cover additional UML notations such as use
case, activity, sequence, and state machine diagrams. The tool has been implemented
as a desktop architecture where a teacher can upload a zip archive with the student
diagrams and the source code of their solution, and different components are used to
identify the type of diagram, compare it with the corresponding reference, and generate
a feedback report for the students, showing the list of correct elements andmissing ones
with the overall score, and one for the teacher with the recap of assigned grades. The
matching approach, however, does not allow flexibility and expects explicit name equiv-
alence, meaning that semantically equivalent representations are considered wrong;
there are no examples of actual tool use with students, and no comparison with human
evaluators, meaning that its strengths and potential benefits are only assumed.

Bian et al. [12] identified the problem of variants and alternative representations for
UML class diagram assignments, and proposed a metamodel and a three-step grading
algorithm to automate diagram evaluation. The first step takes every class in a teacher-
defined reference diagram and looks for the closest class in the student’s diagram, con-
sidering syntax similarity, semantic similarity using techniques such as the WordNet
database [92] or the identification of semantic relationships among names, and struc-
tural similarity (similarity of attributes and methods) to identify the best match; follow-
ing steps match attributes and methods in matched classes using the same approach,
then match associations betweenmatched classes. A preliminary study performed with
a tool implementing this approach yielded promising results (a grade distributionwithin
14% of the human-assigned grades), although no examples of further use exist in the
literature.

Lastly, Wodel-EDU [60] implements a different approach: rather than automatically
evaluating student-produced diagrams compared to a reference, it produces variants,
or mutants, of said reference and asks students to identify the correct model. This is
achieved through the domain-specific language (DSL)Wodel [62], which can be applied
to any type of modeling language according to a changeable metamodel and allows for
multiple operations, such as creating, editing, or deleting objects withmultiple selection
criteria and support for computing static and dynamic element coverage.

Most of the existing solutions implement name-matching techniques to identify
correct modeling choices by computing string similarity between named elements, a
measure that can help identify matching elements while also allowing sufficient lexical
variation (e.g., typos) between equivalent concept labels. An extension of this con-
cept, named the normalized edit distance, or Levenshtein distance, is used to quantify
the minimum number of single-character changes (additions, deletions, substitutions)
that are necessary to convert one string into another, normalized to fall within the [0,
1] interval so that distance scores below a given threshold can be considered matches
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independently of the length of the two compared strings [94].
Beyond automated assessment, intelligent tutoring systems (ITS) represent a more

adaptive approach to supporting modeling education. Soler et al. [115] presented a
web-based e-learning tool specifically for UML class diagrams that can provide auto-
matic correction of student diagrams with immediate feedback; a deployment of the
tool in an introductory database course demonstrated that automated correction can
reduce instructor workload while maintaining assessment quality. A meta-analysis by
VanLehn [122] compared the effectiveness of human tutoring, intelligent tutoring sys-
tems, and other computer-based tutoring approaches, finding that step-based ITS are
nearly equivalent to human tutoring, suggesting that well-designed automated feed-
back systems can approximate the benefits of one-on-one instruction.

Automated Generation of UML Class Diagrams

In addition to the tools and approaches described in the previous subsection for au-
tomated class diagram assessments, the related research literature also presented ap-
proaches for automatically generating such types of diagrams from natural language
requirements via multiple techniques, showing relatively limited success.

Visual Narrator [104] is one example of these tools, extracting conceptual models
from user stories (requirements expressed in the formatAs an <actor> I want to <goal> so
that I can <gain>) through a pipeline of eleven natural language processing heuristics
such as part-of-speech tagging to identify nouns, verbs, and adjectives, chunking of
phrases, and resolution of common references. The tool was tested on two case studies,
achieving precision and recall scores between 80% and 92%, indicating the potential
effectiveness of the tool.

A similar approach was presented by Yang and Sahraoui [130], who proposed a
grammar-based pipeline to extract class diagram from specifications expressed in nat-
ural language with sentence classification being used as the basis for the generation of
diagram fragments; however, the limited precision and recall scores achieved on the
dataset used to evaluate the solution led the authors to conclude that rule-based meth-
ods do not have enough semantic flexibility to allow for complete specification of the
requirements.

A machine learning-reliant approach was instead introduced by Saini et al. [108],
whose incremental and interactive tool for domainmodeling allowed humans to partake
in the requirements extraction process, correcting the produced artifacts and demon-
strating that a fully automated approach is less effective compared to an iterative pro-
cess that supports automation with human oversight.

Other tools were developed with a focus on educational use, allowing for the gen-
eration of UML diagram exercises. One such tool is AutoER [47], which supports auto-
matic generation of UML diagrams and subsequent variants through the randomization
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of element names and relationship parameters. These variants can then be used to com-
pose exercises where students can mark the diagrams and receive feedback by interact-
ing with the exercise’s accompanying textual description. The Wodel-EDU framework
was also integrated into the online educational platformMoodle [61], integrating seven
types of domain-independent exercises automatically generated with the mutants, al-
lowing for automated grading and feedback.

While educational tools to support UML education are common, the majority of
them support mostly class and sequence diagrams, while use case, activity, and state
machine diagrams remain relatively less covered [68]; another gap in these types of
tools is that the tools that automate the exercise generation process rarely tend to in-
clude formative feedback that depends on the students’ modeling choices, highlighting
the need for platforms that include exercise creation for teachers, student diagram edit-
ing in free-form, and automated evaluation as functionalities served together.

Business Process Modeling and BPMN

The Business Process Model and Notation (BPMN) is a graphical standard used to stan-
dardize the representation of business processes by representing their different ele-
ments in order to capture and define activities, rules, actors, and responsibilities in-
volved in the process. The elements that compose a BPMN diagram belong to five
distinct categories:

Tasks are also known as Activities and represent the different actions that are per-
formed during a business process and can be distinguished by their type, withUser Tasks
(activities performed by a human actor by using a software application), Service Tasks
(automated activities performed by software applications), and Manual Tasks (activities
performed by a human actor without any software intervention) being the three most
commonly used ones.

Another important feature offered by Tasks is the fact that they can be used to
represent Sub-Processes, that is, groupings of multiple elements in sequence that can
enable process decomposition effectively and improve the organization and readability
of the process model. Tasks are represented as rectangles with curved angles, and can
contain a certain icon that distinguishes their type (e.g., a human icon, a hand, gears, a
letter, or a plus shape for sub-processes).

Flows are arrows that are used to connect the different elements in a BPMN di-
agram; the most common and important type is the Sequence Flow, which is used to
display how elements are sequentially connected (e.g., the element a sequence flow
is going out of comes before the element touched by a flow’s arrow), while another
relevant type is the Message Flow, which displays how elements in separate processes
exchange information through messages.

Events represent something that can happen through a process without being di-
rectly performed by a human actor and impact how it continues, and can be used to
begin a process (Start Events), impact it during its execution (Intermediate Events), or
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conclude it (End Events). They are drawn as a circle and represent various scenarios,
such as receiving/sending a message to another process, a certain time condition (e.g., a
date, the passage of a specific interval of time) becoming true, or internal server errors.

Gateways control the sequence flows inside processes by allowing branching or
joining operations; gateways are expected to be represented as pairs, with one having
multiple outgoing flows acting as the splitting gateway, followed later in the process
by another one of the same type that merges back the branched incoming flows. They
can be Exclusive (if their outgoing flows are associated with conditions, and only one
condition can be true at one time, signifying which flow can proceed), Parallel (if all
outgoing flows are allowed to proceed at the same time, with no condition associated),
Inclusive (if their outgoing flows are associated with conditions, and one or more condi-
tions can be true at the same time), or Event-Based (if their outgoing flows are followed
by events, in which case only one event can have its associated condition become true,
specifying which flow can proceed).

Pools are rectangle-shaped containers that represent the different business entities
that participate in a process; they can be divided into Lanes that specify the various
human actors that belong to the same entity and are involved in the process. Pools
can also be represented as Collapsed if they represent an entity that is involved with
the process but is external, and thus no information is known about it; communication
between different pools and elements inside them is allowed exclusively with message
flows.

Despite its industrial relevance, BPMN is recognized as a challenging notation for
novice learners, due to recurring obstacles such as the absence of standardized pedagog-
ical frameworks, the varying student preparation levels affecting the learning process,
and, most importantly, the cognitive difficulty that comes from the need to map real-
world process descriptions onto a formal graphical representation [7]. Novice modelers
also tend to fall into common error patterns related to correct control flow represen-
tation, handling of events, and communication between separate pools, requiring con-
tinuous practice to reach adequate modeling proficiency [89]. These common error
patterns and obstacles tend to make BPMN modeling frustrating and anxiety-inducing,
and such negative effects have been observed to have a significant impact on the quality
of the produced models, as well as on the satisfaction of the learning process [97].

Another obstacle related to student BPMN appreciation comes from the difficulty
in assessing whether a given diagram is correct, a challenge that also involves lecturers
and practitioners. The standard reference for BPMN quality was introduced by Dumas
et al. [40] and identifies three quality dimensions: syntactic quality, which measures
how much a given diagram respects the BPMN standard’s formal grammar and struc-
tural rules, semantic quality, the evaluation of how well a diagram represents the pro-
cess it is intended to capture, and pragmatic quality, which assesses how readable and
understandable a diagram is for the intended target audience (e.g., stakeholders in in-
dustrial projects). Another point of reference consists of the Seven Process Modeling
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Guidelines [90], a set of empirically grounded rules to apply in the creation or evalu-
ation of a process model to ensure quality measures are respected, such as using the
minimum set of elements possible to convey a given requirement, or following naming
conventions when labeling elements.

The challenges associated with BPMN education extend beyond the notation’s syn-
tactic complexity and also include cognitive factors that affect how modelers construct
process representations. Recker [103] investigated the adoption of BPMN among prac-
titioners and educators worldwide, identifying that the notation is perceived as over-
engineered for typical use cases, and that many of its constructs are rarely employed in
practice, highlighting a gap between the notation’s expressive power and the subset of
elements that are actually necessary for educational purposes, hinting that pedagogical
tools should focus on the most commonly used elements. Figl and Laue [46] stud-
ied the cognitive complexity of understanding different types of relationships between
process model elements, finding that gateway semantics and inter-pool communication
impose the highest cognitive load on novice modelers. Pinggera et al. [102] conducted
an empirical study with 115 participants and identified three distinct modeling styles
(speed-oriented, layout-oriented, and comprehension-oriented), with significant differ-
ences in terms of the order in which elements are placed and the frequency of editing
operations, implying that different kinds of modelers may have different needs and may
require specific types of feedback to support their modeling tasks.

Given the large set of criteria tied to assessing BPMN diagrams’ correctness, auto-
mated verification of such models has emerged as an active research area, driven by
the necessity of providing accurate and consistent feedback. Lopes and Guerrero [84]
identified a set of formal verification and testing techniques that can be used to evaluate
BPMN diagrams, such as model checking, black box or regression testing, and methods
to verify constraint satisfaction, while also proposing a framework to structure research
steps on process model evaluation. However, the approaches found by the two authors’
review are mostly focused on industrial process validation; while they are effective in
identifying structural and behavioral errors, they do not provide feedback at the ele-
ment level or consider the domain to be represented when assessing models, making
them less suitable for educational environments where students need to identify their
mistakes and know how to correct them.

2.2 Gamification
Gamification is a concept that was formally defined in 2011 by Deterding et al. [37]
as the use of game design elements in non-recreational contexts; its intended goal is to
enhance activities that are considered unappealing, unpleasant, or uninteresting by in-
creasing user motivation and interest, with improvements in performance being an-
other possible benefit.
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An important condition to be observed when defining gamification is to distin-
guish between a gamified system and a serious game. A serious game is defined as a
completely interactive experience (a video game, a board game, or a simulation envi-
ronment) whose primary objective is not entertainment, which is a secondary consid-
eration, but rather learning, training, or persuasion are seen as the main focus [91].
In contrast, gamified systems do not create a game but extract game design elements
and combine them with an existing activity, application, or environment with a non-
recreational purpose. The distinction implies that a serious game requires learners to
engage with the game mechanics to learn while a gamified system augments a task that
can be performed normally with motivational mechanics while leaving the original ac-
tivity unchanged.

The formal definition of gamification is purposely agnostic in relation to which el-
ements should be applied, given that the different elements may have varying effects
and may thus be better suited for specific contexts. The categorization by Werbach
and Hunter [127] identified a three-tiered hierarchy, distinguishing game mechanics
between: I) components, concrete, tangible elements such as points, badges, leader-
boards; II) mechanics, rules that guide player behavior such as challenges, competition,
or cooperation; III) dynamics, system-level phenomena that support motivational as-
pects such as emotions, relationships, progression, and emerge better over continuous
use. Thanks to the hierarchy, it is possible to identify which gamemechanics depend on
a surface level with little reasoning (e.g., adding a point-based leaderboard) and which
are implemented in educational aspects as a consequence of a motivational design.

It must be observed, however, that not all game elements can be equally effective in
practice: a meta-analysis of empirical studies adopting gamification [63] showed that,
while gamification leads to positive outcomes in the majority of cases, the scale of posi-
tive effects strongly depends on both the implementation context and the characteristics
of the intended users; for example, leaderboards and other competitive elements may
alienate certain users and make them feel less motivated to continue interacting with
gamified tools.

To understand the psychological foundations behind gamification, it is necessary to
distinguish between intrinsic and extrinsic motivation. Intrinsic motivation is agreed
upon as the act of performing activities for inherent satisfaction, where individuals
derive enjoyment from the processes they are undertaking and feel motivated to take
on new challenges for the sake of it; extrinsic motivation is instead considered as the
behavior driven by factors that are outside of one’s control such as material rewards,
social recognition, or even negative effects and punishments that increase pressure to
complete certain activities.

Motivational aspects derived from this distinction are usually explained according
to Self Determination Theory (SDT) [34, 33]: intrinsic motivation relies on satisfying
three basic psychological needs such as competence (feeling capable and observing the
effects of one’s actions), autonomy (experiencing choices and being allowed to have
multiple directions and options to perform tasks), and relatedness (being connected to
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other people). Gamification approaches should be designed to cover all three needs
with carefully selected mechanics: the use of progression mechanics, such as expe-
rience points and progress bars, support competence and make one’s growth easy to
observe; avatars, storytelling, and customization options allow one to express them-
selves autonomously; cooperative and competitive mechanisms such as leaderboards
and group-based tasks implement relatedness to others. Intrinsic motivators are nec-
essary, and should be the guiding force behind the design of gamified tools and ap-
proaches: if game elements rely on extrinsic motivators such as points or rewards,
users may feel less inclined to interact with the game environment over time, leading
to progressive loss of motivation.

Among the several frameworks that have emerged over the years to categorize game
mechanics and guide the creation of gamified solution, Octalysis [28] is particularly re-
markable due to how it identifies the three needs with intrinsic and extrinsic motivators
and sorts them according to eight distinct Core Drives, dimensions under which game
mechanics can be categorized depending on whether they bring intrinsic or extrinsic
motivators, as well as whether their motivational effect is derived from positive or neg-
ative impact; for example, rewards for correct actions, social recognition, feedback after
one’s choices are positivemotivators, while penalties in case of errors, resource scarcity,
or limited content are negative motivators. The eight Core Drives are summarized in
Table 2.1, with a brief description of each, together with examples of corresponding
game mechanics and an indication of whether the drive is a positive or negative moti-
vator, as well as an intrinsic or extrinsic one.

2.2.1 Gamification in Educational Contexts
The use of gamification for educational support has been extensively studied ever since
its formal definition, leading to the creation of a growing body of empirical evidence on
both its potential effectiveness and its limitations. A systematic mapping over 69 publi-
cations [38] identified the most commonly used elements in the form of points, badges,
and leaderboards, found that the educational domains where gamification is applied
the most are computer science and programming education, and, most importantly,
identified two key limitations: most of the studies analyzed lacked rigorous empirical
evaluation and relied more on anecdotal evidence, with few controlled experiments to
support claims; another relevant issue was the absence of theoretical grounding, since
very few studies justified design choices with motivational theory or validated gamifi-
cation frameworks.

The literature review by Hamari et al. [63] addressed the effectiveness of gamifi-
cation in the educational domain, reviewing specifically empirical studies that used it
as a strategy: most of the educational studies reported positive outcomes in terms of
student engagement and participation; however, a key limitation had emerged in rela-
tion to the dependency on the context in which gamification is used, which in turn may
lead to negative or neutral results if the design of a gamified tool is not built adequately
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Table 2.1: Core Drives defined in the Octalysis framework, with motivational classifi-
cation and example mechanics.

Core Drive Description Intrinsic /
Extrinsic

Positive /
Negative

Example Mechanics

Epic Meaning
and Calling

The feeling that one’s actions contribute
to something greater; feeling part of a
broader, shared mission; feeling to be con-
tributing to a common goal.

Intrinsic Positive Lore and narrative,
community-driven quests,
collaborative world-building

Accomplishment Being guided by the desire to make
progress, develop skills, and overcome
meaningful challenges, and feeling the
significance of rewards only after earning
them through genuine effort.

Intrinsic Positive Experience points, achieve-
ment badges, skill trees,
progress bars

Empowerment
of Creativity
and Feedback

Deriving motivation by being able to ex-
press oneself, to experiment with differ-
ent strategies and combinations of actions,
and to receive meaningful feedback that
validates one’s actions.

Intrinsic Positive Open-ended challenges, imme-
diate feedback, customization
options, sandbox modes

Ownership
and Possession

Feeling ownership over virtual or tangible
goods, with the consequent drive to pro-
tect and improve what is owned, accumu-
late new items, and invest more time in the
system.

Extrinsic Positive Virtual currencies, avatar cus-
tomization, inventory systems,
collectibles

Social Influence
and Relatedness

Adhering to social dynamics such as
acceptance, companionship, competition,
and envy, feeling driven to act after ob-
serving peers achieve goals or acquire rare
rewards. Certain components, such as
companionship, are intrinsic, while com-
petition and comparison mechanics tend
to be more extrinsic in nature.

Intrinsic &
Extrinsic

Positive Leaderboards, cooperative
tasks, guilds and teams, social
recognition

Scarcity
and Impatience

Being drawn to elements that are scarce
or difficult to obtain, drawing interest in
something that cannot be obtained imme-
diately, and putting sustained effort and
commitment into a system as a conse-
quence.

Extrinsic Negative Limited-time rewards, locked
content, appointment mechan-
ics, exclusive items

Unpredictability
and Curiosity

Feeling engaged in a system thanks to the
desire to discover what comes next; being
stimulated by varied and unpredictable ex-
periences that reduce monotony and sus-
tain long-term interest.

Extrinsic Positive Random rewards, mystery
boxes, surprise events, Easter
eggs

Loss
and Avoidance

Acting carefully and promptly in order to
avoid negative consequences such as los-
ing something already acquired ormissing
a temporary opportunity.

Extrinsic Negative Penalties, health/life systems,
expiring rewards, failure states

(e.g., an excessive focus on extrinsic motivators or rewards for the sake of rewarding).
One of the earliest examples of gamification being used in engineering courses

showed that the adoption of experience points, levels, badges, and challenges led to
significant increases in lecture attendance, participation on the course’s online plat-
form, and students reported feeling more motivated, finding the course more engaging
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and interesting compared to traditional lectures [8].
However, other early studies showed more mixed results [39]: while the use of a

gamified plugin for an e-learning platform led to higher grades for practical assign-
ments and end-of-course evaluations, students who used the plugin performed worse
onwritten tasks and participated less actively during lectures, suggesting that gameme-
chanics may shift the focus from learning to simply accumulating points and rewards.
A longitudinal study by Hanus and Fox [64] yielded similar results: the comparison
of a course with leaderboards and badges as motivating elements with a non-gamified
equivalent course over 16 weeks found that students in the gamified course eventually
showed less intrinsic motivation, satisfaction, and empowerment, participating less in
activities, and eventually achieving lower grades in the final exam. The two studies
support the importance of designing gamified educational tools with care, and suggest
that adding competitive mechanisms may not be beneficial in all scenarios.

A systematic mapping on the negative effects of gamification [119] found that there
are four main categories to consider: the reduction of performance, the gradual loss
of motivation, undesired behaviors, and student indifference, with causes behind these
issues being inadequate planning of the gamified experience, excessive competition,
penalization, and long-term use that makes students feel less interested in interacting
with the gamified solutions. The authors then followed up on their reviewwith a taxon-
omy of game elements across five categories (Performance, Social, Personal, Ecological,
Fictional) to support practitioners in the selection of game elements aligned with their
specific goals instead of choosing commonly used mechanics [120].

Automated and immediate feedback is considered one of themost critical choices for
educational gamification according to formative assessment literature. Good feedback
practice, according to Nicol and Macfarlane-Dick [95], should be structured around
seven principles that include timeliness, specificity, and support for self-regulation:
feedback should be received promptly, target identifiable errors, and provide actionable
guidance to correct the errors’ causes, allowing students to iteratively improve their
work before a summative evaluation by lecturers. The seven principles also distin-
guish between formative feedback, which is provided during the learning process and
guides improvement, and summative assessment that evaluates students after learning
is completed. Gamified systems should follow these principles and aim to tie automated
feedback directly to the implemented game mechanics to provide a more complete and
effective learning process.

A more recent meta-analysis focused on gamification’s educational effectiveness
[107] found that it can have small or medium positive effects on cognitive learning out-
comes, motivation, and behavioral engagement; it is worth mentioning that cognitive
improvements were the most commonly observed, while motivational and behavioral
effects showed higher variability, hinting that the design quality of gamified systems
impacts the width and duration of the benefits. The findings build upon the review
by Hamari et al. [63] and reinforce the conclusion that gamification can positively im-
pact learning processes as long as mechanics are carefully matched to the educational
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activity and to the needs of the student population.
A challenge to consider in gamification research is the so-called novelty effect,

where initial improvements in student engagement may be caused by the novelty of
the environment itself rather than from the intrinsic quality of the game mechanics,
with the risk that such gains may stabilize or even fall when students become famil-
iar with the system. Longitudinal studies have experienced such an effect: across a
fourteen-week semester with gamified enhancements, the novelty effect took place af-
ter approximately four weeks, leading to a loss of motivation for most of the remaining
part of the semester, until students adapted to the system with a familiarization ef-
fect and showed renewed motivation to interact with the gamified aspects [105]. The
authors argued that more complex gamification mechanics built on cooperation, com-
petition, and narrative events were considered more novel and interesting than simpler
mechanics such as points and badges, indicating that the longitudinal use of gamified
tools should be designed with more advanced mechanics as the key focus to sustain
long-term engagement.

2.2.2 Gamification in Software Modeling
While gamification has been adopted in multiple ways in educational contexts, exam-
ples of its application focused specifically on software modeling activities are somewhat
fragmented. The twomodeling notations covered by this PhD thesis (BPMN, UML class
diagrams) have attracted a growing body of attention from the research community, re-
flecting the educational importance of these topics together with the need to make their
learning more engaging.

Examples of gamification or game-like approaches being used specifically in relation
to BPMN modeling are not common in the literature: the only example of gamification
being used for BPMN is BPMS-Game [86], a tool that is used in an industrial context
to encourage modeling according to good sustainability practices. The rules can be de-
fined by administrators, and the gamemechanics employed by the game include badges,
achievements, and leaderboards; the tool is not intended for educational use, however,
and is more focused toward practical use, making it unsuitable for classroom use.

Other solutions do exist, but are serious games rather than gamified tools: one such
game was described by Marín [87], and gives students a set of challenges with three in-
creasing difficulty levels (basic, medium, advanced); students are given an incomplete
process and have to choose the elements needed to complete it out of a set of given
ones, and theoretical questions are also included with the exercises to test the students’
knowledge of good modeling practices. A score is computed depending on how many
elements were used, how many correct answers were given, how much time the stu-
dent needed, and how correct the resulting diagram was; this score is then used for a
leaderboard where students can rank themselves with their peers, and badges can be
obtained in case of good performance (e.g., correctly answering all questions in a level,
achieving 100% correctness in an exercise).
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Another serious game, that puts more emphasis on competition between groups
of students, is BPMN-Wheel [78], a board game where two teams of players have to
answer theory questions on BPMN modeling practices to gain either in-game currency
or elements that can be used to compose a process that has to be represented; the team
whose resulting process is the most similar to the target one wins the game.

An additional example of gamification applied to processmodel education, although
to a notation different from BPMN, was described by De Smedt et al. [32], who pre-
sented a gamified approach for learning and verifying declarative process models: stu-
dents interact with a game-like environment where they formulate and test declarative
constraints (e.g., response, precedence) against process execution traces, receiving im-
mediate feedback on the correctness of their specifications.

A broader set of tools has been proposed for UML class diagram education, with
both serious games and gamified approaches being developed and discussed as poten-
tial solutions to enhance the learning process and make modeling activities more at-
tractive for students. A mapping review, which is discussed more in detail in Section
4.1, has been performed to identify the set of relevant studies that discuss game-like ap-
proaches that can be applied to conceptual modeling education: following the retrieval
of all sources, each study was analyzed to identify the game mechanics it implemented,
the adherence to the Octalysis framework in terms of which Core Drives were being
followed in the design and, finally, whether the papers described a gamified tool or a
serious game.

Jurgelaitis et al. [72] described the use of gamification elements such as points,
achievements, leaderboards, and badges to teach UML in a level-based course structure
using an online platform where students were asked to answer multiple-choice ques-
tions on different diagram types; unlockable example diagrams were also implemented,
with the virtual currency used to unlock them being tied to exercise completion. Re-
sults showed that the mechanics improved both the average student scores and their
self-declared intrinsic motivation.

A similar approach was implemented with LOOP [75], an online course focused on
object-oriented programming with a block-based editor to draw class diagrams, offer-
ing feedback for students as well as visual changes in the application when changing
the diagram. Similarly, Denden et al. [36] implemented gamification elements such as
bonus points that can be obtained for completing certain assignments, badges that re-
ward completion of quizzes on specific course topics, and leaderboards to rank students
according to their experience points, with UML class diagrams being among the topics
covered by the course.

ModelGame [71] is described as a reference framework that teachers can use to
evaluate UML diagrams according to a set of parameters, represented by ten different
quality metrics such as scope, syntactic, semantic, detection of inconsistencies, and
resolution; it makes use of missions as a way to motivate students, with progression,
points, and feedback being tied to adhering to the quality metrics.
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A serious game described by Livovský and Porubän [83] was presented as a 2-
dimensional adventurewhere levels, challenges, and enemieswere tied to object-oriented
topics through an Object Access Tool used to connect game elements to class diagrams.
Modifying the diagram would create new elements in the game, or change the proper-
ties of existing ones, while interacting with certain game objects would highlight the
corresponding class and activate its methods.

Another serious game is Classutopia [88, 79], which consists of a role-playing game
that has students act as a robot battling against an evil wizard in a ruined future. Stu-
dents can interact with class diagrams to customize the robotic avatar’s features and
abilities, and solving defective diagrams is the main gameplay loop: making changes
that improve a diagram’s correctness damages the enemy, while errors sabotage the
player, and diagram coloring is used to highlight both correct changes and mistakes.

GaMoVR [132, 131] is an innovative gamified solution that has students solve ex-
ercises in a virtual reality environment where it is possible to rearrange and connect
elements directly. The tool offers different modes of play: one where requirements are
given and a solution must be created, with a Hangman game tied to the number of er-
rors made by the student, and another mode where students have to correct a diagram
with errors by shooting at the incorrect elements. Gamification elements also include
experience points and levels that unlock additional tools and bonuses.

innov8 [15] is a serious game that has students play the role of business consultants
for a fictional company, with the goal of creating the class diagram that represents a
certain set of requirements, gathering the necessary information through playing the
game and interacting with non-playable characters. Students can then define a collec-
tive solution and compare it to the reference drawn by the teacher, receiving feedback
after a comparison.

Dæhli et al presented LearnER [29], a gamified tool that supports Entity-Relationship
models in addition to UML, and works by having students select elements out of a set
of alternatives to compose the model that best represents the domain described in a
textual assignment. Game mechanics include points awarded for completing exercises,
hints that can either be obtained by choosing correct elements or bought by reducing
the amount of reward points, and leaderboards for the number of points obtained, both
overall and for each exercise.

A serious game-based approach was described by Dupuy-Chessa et al. [41], who
applied the concepts of the game Pictionary to diagram modeling: with the game, two
teams of students face each other on a board game where cards can be selected; these
cards specify the requirements that students have to draw in a limited time window,
with teacher feedback being an available option.

Lastly, Sanjaya et al. [109] theorized a gamified mobile application for gamifying
class diagrams, among other software engineering topics, with interactive quizzes fo-
cused on system design and requirements definition, using badges, achievements, and
rankings as motivational elements.

Table 2.2 summarizes the literature mapping by listing all tools and approaches
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found and, for each one, whether it is a gamified tool or a serious game, which game
mechanics are implemented, and which Core Drives are followed.

Tool Name Strategy Game Mechanics Octalysis Core Drives

GaMoVR [132, 131] Gamification Levels, Points, Unlockable
Elements, Feedback

Accomplishment, Loss and
Avoidance

Moodle course (Ju-
rgelaitis et al.) [72]

Gamification Points, virtual currency,
leaderboard, badges

Accomplishment, Owner-
ship

LOOP[75] Serious Game Feedback Accomplishment
Moodle course (Den-
den et al) [36]

Gamification Points, badges, leaderboards Accomplishment

Gamified mobile app
[109]

Gamification Challenges, badges, leader-
boards

Accomplishment

LearnER [29] Serious Game Progress, points, hints, feed-
back, leaderboards

Accomplishment

ModelGame [71] Gamification Points, progress, feedback Accomplishment
innov8 [15] Serious Game Cooperation Social Influence
Pictionary-like [41] Serious Game Cooperation, feedback, re-

wards
Social Influence, Scarcity,
Accomplishment

Classutopia [88, 79] Serious Game Feedback, Challenges, Un-
lockable Rewards

Epic Meaning, Accomplish-
ment, Empowerment

2D action-adventure
game [83]

Serious Game Levels, Feedback Epic Meaning, Accomplish-
ment, Empowerment, Un-
predictability

Table 2.2: Summary of existing game-like solutions for UML class diagram education

The mapping process was conducted in early 2023, following the first empirical
study described in Chapter 3, with the goal of identifying existing tools for UML class di-
agram education. The process was then repeated in late 2024 to retrieve additional stud-
ies that had emerged after the conduction of the UMLegend controlled study and ob-
serve evolutions in the landscape of gamified modeling tools. Three new tools emerged
as a result of the second analysis; the summary of the mapping analysis executed on
them is reported in Table 2.3.

Among the three tools, Papygame [20, 19] was described as a gamified plugin for the
professional modeling environment Papyrus, which supports multiple UML notations.
The main feature of the plugin is the structure of UML assignments as a sequential
challenge with increasing difficulty level, exploiting the Hangman game to represent
the modeling challenge: students can select diagram elements to compose a solution,
with each incorrect option adding a new part of the hanged drawing, with immediate
feedback displaying the errors. Successful exercise completion unlocks new challenges
and awards experience and virtual currency. Experiments using the tool showed that
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it can have positive effects on productivity and learning outcomes.
The same authors also integrated a 2-dimensional virtual environment with the Pa-

pyrus web editor to implement PolyGloT-UML [21], an educational platform that sup-
ports learning paths that students can customize according to their progress, teacher-
defined activities such as quizzes or exercises, and assignments that award badges; most
importantly, the tool is the only example of gamified modeling tools that implements
social dynamics, allowing students to interact with each other in the virtual hub.

Lastly, ModelDefenders [25, 26] adapts the concept of mutation testing to Model-
Driven Engineering: students receive a class diagram and can face one another as either
defenders who define action sequences based on the model and their expected output,
or as attackers that apply changes to the diagram to introduce bugs; mutants are then
considered killed if there is at least one test case that has a different output on the
mutated diagram compared to the original one.

Tool Name Strategy Game Mechanics Octalysis Core Drives

Papygame [20, 19] Gamification Points, Feedback, Progress,
Levels

Accomplishment, Loss and
Avoidance, Empowerment

PolyGloT-UML [21] Gamification Feedback, challenges, so-
cialization, badges

Accomplishment, Owner-
ship, Social Influence

ModelDefenders [25,
26]

Gamification Points, competition, feed-
back, challenges

Accomplishment, Empow-
erment, Social Influence

Table 2.3: Summary of game-like solutions for UML class diagram education foundwith
the second literature mapping analysis

Taken together, the landscape of gamified tools for both BPMN and UML class di-
agram education reveals a common pattern: existing solutions focus mostly on single-
session use and tend to rely on the selection of answers out of predefined element
sets instead of allowing for free-form diagram construction. The consequent research
gap is the need for tools that combine a free modeling environment with automated,
gamification-based feedback.

2.3 Artificial Intelligence and Large LanguageModels
Large Language Models (LLMs) are neural sequence-to-sequence models built upon the
Transformer architecture [123], and are considered a significant advancement on neural
architectures thanks to self-attentionmechanisms and positional encoding, allowing for
easy training on massive textual datasets and superior performance on text processing;
LLMs are trained to be text predictors that divide text into tokens and, depending on
their training data, produce compatible output depending on the input they receive,
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which is conventionally named a prompt ; these architectures can be trained to be used
for general-purpose tasks or fine-tuned so that they are better aligned to a specific goal.

The most influential family of LLMs, as well as the one synonymous with artificial
intelligence for everyday use, is the GPT series developed by OpenAI: the first model
to be made available for public use through a chat interface (the so-called ChatGPT)
was GPT-3 at the end of 2022, and demonstrated that scaling the size of a model to
175 billion parameters for training shows relevant capabilities related to instruction
following, learning from the context of a prompt and the examples it contains, and
structured text generation [18]. The GPT-4 model released in 2023 [99] extended these
capabilities even further, with improvements such as more precise reasoning, longer
context windows (the length, measured in tokens, of messages that can be parsed by
the model at a given time), and multimodal support, allowing for input, as well as the
production of answers, in non-textual form (e.g., images).

Following the release of ChatGPT, the LLM landscape expanded in 2023-2024 with
multiple competing model families emerging such as Gemini [4], released by Google
DeepMind as a set of multimodal agents whose strengths lay in structured text genera-
tion and contextual understanding, Meta’s LLaMA [121], a family of publicly available
models that allowed for the birth of fine-tuned derivatives for research use, Qwen [6]
by the Alibaba Group, focused on strong code generation capabilities, and DeepSeek
[35], a family of open source models optimized for code and reasoning that showed
competitive performance in comparison to the existing proprietary models.

Given their novelty at the time the PhD was being conducted, multiple surveys
explored the application of LLMs to software engineering tasks. A 2023 survey on the
emerging research works of LLMs for software engineering [43] found applications
for coding, documentation, software testing, design and requirements activities, and
highlighted that LLM capabilities such as creativity and ability to understand and follow
instructions could allow for automation opportunities inmultiple phases of the software
lifecycle, while also pointing out the risks tied to hallucinations (the scenario where an
LLM’s textual output is nonsensical or inconsistentwith the input received, while giving
the impression of being natural and fluent despite being incorrect [70]) that require
careful human intervention and validation.

The risks associated with LLM hallucinations can be characterized in two types, ac-
cording to the survey by Huang et al. [67]: factuality hallucinations happen when the
model’s output conflicts with verifiable real-life knowledge, while faithfulness halluci-
nations are scenarios in which the answer is inconsistent with the given input prompt
by either not following the provided instructions, not respecting the contextual infor-
mation, or not adhering to the internal logical structure; faithfulness hallucinations are
particularly critical in structured generation tasks, since a model may produce syntac-
tically valid answers whose content was never stated or implied by the input fed to
the model. Both types of hallucinations require detection strategies such as model-
based verification of the output or pipelines that parse the model according to external
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knowledge, as well as mitigation strategies that include retrieval-augmented genera-
tion, iterative self-refinement loops within the model, or multi-agent architectures that
continuously interact to refine the final output.

A literature review by Hou et al. [66] analyzed 395 studies and found that, at the
beginning of 2024, most empirical work focused on coding tasks, while requirements
engineering activities, as well as model-based tasks, were comparatively less common.
Multiple investigations were also performed in the early years of LLM diffusion: for
example, Ma et al. [85] explored the scope of ChatGPT’s capabilities for code genera-
tion, code review, and program repair, finding strong syntax-level capabilities, as well
as significant limitations for more complex tasks and security vulnerabilities in a siz-
able amount of the generated programs. Other early studies reinforced the importance
of evaluating LLM output with attention to semantic correctness according to domain
correctness [100], and also pointed out that LLMs exhibit the ability to identify core do-
main entities from textual description, while also pointing out the importance of human
oversight and verification [11].

The effectiveness of LLMs also relies on the quality of the prompts used to guide
their generation tasks; for this reason, advanced techniques known as prompt engineer-
ing emerged over time to guide researchmethodologies beyond unstructured questions.
One such technique is called Chain-of-Thought (CoT) prompting [126], and consists of
asking an agent to reason step by step before it writes its final answer, eliciting more
consistent and structured outputs; this technique is particularly effective in tasks where
sequential reasoning is necessary, and single-shot prompting may not be sufficient to
capture implicit requirements.

Other prompt engineering techniques differ from CoT prompting in terms of how
many details are provided to the model at inference time [106]. For example, zero-shot
prompting is when a model receives a description of its intended task with no examples
of how its output is supposed to be structured, or how the data it receives as input
is formatted; as a consequence, the model needs to interpret the task and produce a
response according to the knowledge it received in its training process. This technique
can be extended with few-shot prompting, a core capability of GPT-3 [18], where a small
number of examples are introduced in the prompt, improving the model’s performance
on structured tasks without needing task-specific finetuning.

Another technique is role-based prompting, also known as system prompting or per-
sona assignment: with this type of prompts, users instruct the model to act as if they
have a specific identity (e.g., researchers, teachers, domain experts) before it begins
working on the task; this technique has been proven to be particularly effective, since
it leads the model to focus on terms, knowledge, and constraints that depend on the tar-
get domain, making it suitable for structured tasks where the output must be expressed
in a specific format [106].
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2.3.1 Large Language Models for Software Modeling
The use of LLMs to support model-based tasks such as diagram generation emerged as
a topic in 2023, with earlier reviews [43, 66] pointing out that diagram-based tasks were
far less common in empirical studies compared to code-focused activities.

One of the earliest empirical studies on the topic was conducted by Arulmohan et al.
[5], who compared ChatGPT against an existing, state of the art NLP tool on extract-
ing models from domain specifications: a test on 22 agile product backlogs showed
that LLMs outperformed standard NLP pipelines and managed to produce more correct
diagrams, but also highlighted the importance of human validation, due to the high
variability of the generated output.

The study above, as well as most of the following ones, make use of PlantUML1

to represent UML diagrams: the notation allows the definition of diagrams through a
plain text description language where specific keywords represent UML elements and
relationships, with interpreters parsing such textual content to produce a graphical rep-
resentation of a diagram. The textual nature of PlantUML makes it particularly suited
for LLM interaction, since language models produce text while struggling to generate
images correctly (particularly during 2023-2024, when image generation capabilities
were still in the early stage of development); a drawback of the notation, however, is
that modifying diagrams requires one to change the textual descriptions and then ren-
der them again, making it slightly less user-friendly compared to free form modeling
canvases.

Similar issues were encountered by Câmara et al. [24], whose experience report on
ChatGPT’s ability to generate UML class diagrams found that themodel was able to pro-
duce syntactically correct diagrams with, however, relevant semantic violations such as
incorrect association multiplicities and wrong relationship types; the inconsistent out-
put across multiple queries with the same set of requirements was also mentioned as
a cause of concern, and drove the definition of a conceptual framework for evaluating
LLM-generated diagrams, stating that using LLMs for producing diagrams is feasible as
long as prompts are designed carefully and humans validate the output. The experience
report was followed by a second study [23], where the authors proposed a benchmark-
ing framework for evaluating LLMs on software modeling activities to enable consis-
tent and reproducible comparisons. More broadly, evaluating structured LLM output
in cases where correctness is not limited to lexical and syntactical fidelity but must
also consider semantic validity in relation to a domain model benefits from hallucina-
tion detection strategies [67], according to which faithfulness measurement could be
considered a valid proxy for the quality of structured output generation. These recent
studies point to a convergence in the research community toward multi-dimensional
evaluation criteria that assess syntax quality, semantic correctness, and adherence to
domain constraints independently of one another.

1https://plantuml.com/
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A comparative study byChen et al. [27] assessedGPT-3.5 against GPT-4 on tenmod-
eling exercises, finding that LLMs were capable of generating relatively high-quality
classes and attributes but struggled the most with structural constraints related to as-
sociations (type, multiplicity, attribute placing). Li et al. [81] investigated whether the
use of Chain-of-Thought prompting could improve class diagram generation compared
to simple LLM interaction with guided human extraction. Few-shot CoT prompting
was the best method, outperforming guided human extraction in terms of class identi-
fication, and struggled the most with attribute identification, suggesting a division of
concerns where LLMs propose the base structure and human experts provide refine-
ment assistance.

Other modeling notations were also covered beyond class diagrams: UML sequence
diagram generation by ChatGPT was studied by Ferrari et al. [45], observing that the
generation based on 28 sets of natural language requirements yielded satisfactory mod-
els in terms of lexical consistency and syntactic adherence to UML standards, while also
pointing out that significant completeness and correctness problems arise when the re-
quirements used to generate models are ambiguous or inconsistent.

An assessment of four models (GPT-3.5, GPT-4, LLaMA-2, Mixtral) focused on gen-
erating Data Flow Diagrams from user stories [65] found that the proprietary GPT-4
achieved the best results in terms of completeness, while also pointing out the compara-
ble performance of the open source option Mixtral, indicating that less general-purpose
models may be an option for integrating LLMs in modeling related tasks, while rein-
forcing the importance of human oversight through dedicated editing interfaces.

Schleifer et al. [111] defined two pipelines for generating use case diagrams from
requirement specifications, observing the effects of named entity recognition combined
with active learning against prompt engineering with generative models, finding that
the generation process is feasible even with minimal training data and that LLMs can
generalize over different application domains without requiring specific fine-tuning.

Studies have also explored the use of LLMs for modeling tasks as assistive tools
instead of autonomous model generators: an example is the study byWang et al. [125],
who had 45 undergraduate students generate use case, class, and sequence diagrams
with LLM support. Findings showed that LLM integration can accelerate the drafting
process, while still requiring expert intervention and correction due to the presence of
semantic and structural errors.

Other studies are relevant due to their focus on the educational aspects of LLM
use for modeling tasks. For example, Kasneci et al. [73] performed a survey on the
opportunities and challenges of LLMs in education, identifying three relevant potential
applications such as the production of personalized feedback, the ability to generate
tailored example content, and the potential creation of exercises, while also pointing
out risks related to academic integrity tied to students using LLMs to produce answers
or to students relying excessively on AI-generated content.

Sarsa et al. [110] found that OpenAI Codex, one of ChatGPT’s precursor technolo-
gies, could generate programming assignments and code explanations with low effort,
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withmost of the generated output requiring minimal teacher editing before being ready
to use, suggesting potential LLM use for the generation of exercises.

A factor common to most of the studies discussed in this section is the use of natural
language descriptions as input for generating modeling artifacts, with the complexity
of these descriptions affecting the quality of the output diagrams. An example of a
metric that can be used to measure the readability of natural language text is the Flesch-
Kincaid readability score [116], a formula based on sentence length and syllable count,
with lower scores indicating text that requires high cognitive effort to be understood,
and higher scores signifying more accessible prose. This readability score can be used
as a proxy to characterize requirements specification and explain variance in the quality
of LLM-generated models, since more complex requirements may be harder to parse for
agents.

2.4 Empirical Research Methods
The empirical studies described in the following chapters share a common method-
ological foundation, which is introduced here to provide the necessary context for the
descriptions of the ensuing experimentations. For all studies, their goals were systemat-
ically defined according to the Goal-Question-Metric (GQM) approach [9], a structured
template that is used to specify a measurement goal according to which are the objects
under study, for what purpose the analysis is being conducted, what is the quality focus,
who are the involved stakeholders with their viewpoint, and the context under which
the study is executed. Following the definition of a study’s goal, research questions are
then derived from it, metrics are defined to answer these questions, and, in most cases,
null hypotheses are formulated around the goal to guide the statistical analyses that will
answer the research questions. Thanks to how it enforces traceability between research
objectives and data collected, thus making the reasoning behind decisions explicit, the
GQM template has become one of the standard framing devices for empirical software
engineering research.

The controlled experiments described in Chapters 3 and 4 adopted within-subjects
designs, studies in which all participants are exposed tomore than a single experimental
treatment, ensuring that each participant acts as their own control by observing all
experimental conditions, in turn increasing the statistical power of the analysis. The
two large-scale controlled studies employed two treatments and two tasks combined,
leading to the use of a 2x2 full factorial crossover design [124], which is used to balance
the order of tasks and treatments according to different participant groups in order to
reduce learning effects and carryover biases. Furthermore, an additional measure was
undertaken to counterbalance the task order effect by applying balanced Latin squares
to ensure participants could experience every combination of conditions.

For experiments where multiple statistical hypotheses were tested simultaneously
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on the same database, the risk of obtaining at least one false positive should be consid-
ered, and the design of the analysis should counteract it: the corrective action adopted
to limit the rate of such Type I errors was the use of the Bonferroni correction, which
adjusts the significance threshold by dividing the desired 𝛼 level by the number of inde-
pendent tests performed, ensuring that each individual test is held to a stricter standard
[1].

The threats to validity for all empirical studies described in subsequent chapters
are characterized according to the taxonomy established by Wohlin et al. [128], which
distinguishes four categories: threats to internal validity concern factors that may af-
fect the relationship between the treatment and the result and other factors that have
not been considered during the analysis; threats to external validity concern whether
the results can be generalized outside of the experiment’s context; threats to construct
validity relate to how appropriate the metrics selected for analysis actually represent
the constructs the study is intended to observe; threats to conclusion validity impact
the correctness of the statistical reasoning.

The controlled experiments involving students alsomeasured the participants’ opin-
ions through questionnaires, which also included open-ended questions: answers to
said questions were analyzed following the open coding procedure described in the
Straussian Grounded Theory [118]. This approach consists of reading each textual an-
swer and assigning it a label that summarizes its topic, selecting the label from a grow-
ing set of existing topics or adding a new one to the set if no suitable one exists yet;
a second iteration is then performed to ensure answers are assigned a suitable topics,
eventually assigning a new one out of the finalized set or having answers that suit more
topic receive multiple labels. The analysis produces a ranked set of themes that summa-
rizes the participants’ opinions without relying on predefined categories, an approach
that is suitable for an exploratory analysis of student opinions that are not known in
advance.

Lastly, questionnaires also included validated psychometric instruments to measure
student perception across perceived usability, technology acceptance, and perception of
the gamified experience. Usability was measured through the System Usability Scale
(SUS) [17], a set of ten questions that alternate between positively and negatively ex-
pressed statements answered on a Likert scale ranging from 1 to 5, with the resulting
score being computed with Equation 2.1:

𝑆 = 2.5 ⋅ ⎛
⎜
⎝ ∑

𝑖=1,3,5,7,9
(𝑥𝑖 − 1) + ∑

𝑖=2,4,6,8,10
(5 − 𝑥𝑖)

⎞
⎟
⎠

(2.1)

where 𝑥𝑖 is the raw score assigned to question 𝑖. Odd questions are those with a pos-
itive connotation, and their contribution is computed as 𝑥𝑖 − 1, while even questions
are negative ones, and their contribution is computed as 5 − 𝑥𝑖. The total sum of the
adjusted score is then multiplied by 2.5 to normalize the result to the [0, 100] range.
Conventionally, a score of 68 is considered the sign of average usability.
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Technology acceptance was instead measured using the Technology Acceptance
Model (TAM) [30, 80], a set of questions divided into four constructs that measure the
Perceived Usefulness (PU), Perceived Ease of Use (PE), Behavioral Intention to Use (BI),
and Attitude Towards Usage (ATU) of a system, with answers expressed as Likert-scale
values ranging from 1 to 5. The gamification-specific perception was instead measured
through the GAMEX questionnaire [42], an instrument designed specifically to mea-
sure the quality of a gamified environment beyond engagement counts through six
constructs that measure aspects related to enjoyment, absorption, creative thinking,
dominance, activation, and presence of possible negative effects.
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Chapter 3

First Attempts at Gamifying
Model-Based Engineering: The
BIPMIN Tool

This chapter describes the prototype of the first tool that was developed during the PhD
period, that is, a gamified web application for solving BPMN modeling exercises. The
chapter presents the motivation behind developing the tool, describes the game ele-
ments that were implemented and the reason behind their selection, and introduces the
preliminary usability evaluation performed on the prototype. The part of the chapter
related to the first iteration of the prototype refers to results that have been published
in [10].

Additionally, the chapter discusses an empirical experiment performed in January
2023 with an edited version of the prototype, with the goal of assessing the benefits that
gamification could bring to process modeling education. The analysis of the empirical
experiment’s results has been published in [56] and [55]; furthermore, the tool’s version
used to conduct the empirical study has been made available as a set of Docker images
published online1.

3.1 Background and Motivation
As discussed back in Section 2.1, BPMN is the most commonly used graphical standard
for representing business processes in both educational and industrial contexts, thanks
to its ability to convey activities, participants, and action sequences; its importance in
software engineering and information systems design is also reflected by its relevance
in educational curricula.

1https://hub.docker.com/r/giacomogaraccione/bipmin
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Despite its importance and growing adoption, BPMN is usually perceived by stu-
dents as an unappealing and frustrating discipline, with examples in literature showing
that, although positive experiences are possible, negative emotions such as frustration
and anxiety can emerge when solving this kind of exercise [97].

BPMN is taught as part of the Master’s degree curricula at Politecnico di Torino
in both the Management Engineering track and the Computer Engineering track as
part of both tracks’ Information Systems course, which presents topics related to Re-
quirements Engineering and systems design. In both courses, BPMN is first introduced
through theory lectures where basic modeling rules and the notation’s constraints are
presented, followed by practical laboratory sessions where students can practice by
solving BPMN modeling exercises with teacher support; both courses also involve op-
tional group projects where students have to represent the process model for a given
system to be developed, testing their ability to represent more complex requirements,
while exams assess the students’ knowledge by asking them to identify correct pro-
cess representations according to textual descriptions. A problem that has arisen over
the years in both courses is that students rarely attend lab sessions, and consequently
underperform in both project works and in exams for BPMN-related tasks.

As summarized in Section 2.2.2, the existing body of work describing gamification-
based approaches for BPMN modeling is quite limited: tools are rare and either focus
more on an industrial context or are serious games that offer limited ability for students
to solve exercises on their own, without relying on predefined structures and elements
to select. Consequently, the need for a gamified tool that offers a free modeling envi-
ronment was identified as both a gap in the literature and as a possible solution to the
issues that make BPMN unappealing and cause students to struggle learning the topic;
to address this need, one of the first activities of the PhD was to develop a prototype
for such a tool.

3.2 Creation of the first prototype and preliminary
assessment

3.2.1 Game Elements and Implementation
The creation of the first prototype for gamifying BPMN education aimed to identify,
among the several possible game mechanics that could have been used, which ones
would have been the most effective in making BPMN exercises appealing and enjoy-
able. For this purpose, three themes have been identified, and game mechanics have
been grouped according to the themes; the selection of three separate themes was done
to understand the effectiveness of the different motivational aspects offered by the me-
chanics. The three themes are:
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Progress, focusing on highlighting the users’ growth in skill and modeling knowl-
edge. This is done through the use of an explicit skill indicator that provides four titles
that students can obtain by completing exercises (with the order beingNoob -> Padawan
-> Genius -> Grandmaster ); these titles make humorous references to popular culture
with the aim of being appealing for software engineering students. An additional me-
chanic that reinforces the concept of progression is the use of progress bars in exercises
to guide students toward understanding how close they are to successful exercise com-
pletion.

Competition, grouping elements that compare users with each other. The most
common mechanic for implementing competition, and the one that was selected for
the prototype, consists of leaderboards that display all users and rank them according
to predefined metrics. For the prototype, a level-based system was selected as the one
needed to support user ranking, leading to the definition of a mechanic built around
experience points that can be obtained by completing exercises. Furthermore, to al-
low users to express themselves and to allow for easy identification in the leaderboard,
avatars were selected as an additional mechanic, with a set of 12 caricatured animals
being offered as possible options for user representation.

Rewards, a theme centered around giving prizes to users in case of successful task
completion. For the prototype version, an intangible reward was selected in the form of
a jigsaw puzzle to be completed, with pieces of the puzzle being unlocked by completing
exercises, with harder exercises givingmore pieces. Moreover, to support the rewarding
aspect, exercises have also been made unlockable, requiring users to complete easier
exercises before more challenging ones can be tackled.

A summary of the elements that have been implemented for each theme, together
with a brief description and the corresponding Core Drive in the Octalysis framework,
is presented in Table 3.1.
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Table 3.1: Themes selected for the prototype tool and corresponding game elements

Theme Element Core Drive Motivation

Progress (see
Figure 3.1)

Progress Bars Empowerment Providing a visual indicator of a
user’s skill progression

Skill Levels Accomplishment Tying skill progression to an ap-
pealing title

Competition
(see Figure
3.2)

Leaderboards Social Influence Introducing a competitive aspect

Experience Points Accomplishment Measuring user progress and hav-
ing a way to rank users

Avatars Ownership Giving users a way to express their
personality by customizing their
look

Rewards (see
Figure 3.3)

Prizes Ownership Motivating users by tying exercise
completion to awards

Unlockable Exercises Unpredictability Introducing new challenges and re-
wards for skilled users

Figure 3.1: Application section showing the Progress version
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(a) Exercise text with the Competition ver-
sion’s exclusive mechanic: obtainable experi-
ence points

(b) Leaderboard shown in the Competition
version

Figure 3.2: Application section showing the Competition version
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(a) Exercise text with the Rewards version’s
exclusive mechanic: obtainable puzzle pieces
and unlockable exercises

(b) Completable puzzle shown in the Rewards
version

Figure 3.3: Application section showing the Rewards version

Following the definition of the three themes and the subsequent identification of
the associated game mechanics, the prototype was developed as a web application that
offered three separate versions of the tool, each built around one theme. The underly-
ing evaluation engine, the modeling environment adopted, the aesthetic layout of the
application, and the feedback aspect were kept the same throughout the three versions,
ensuring that any comparison between themwould exclusively assess the impact of the
different game mechanics, to identify the most effective ones in increasing motivation
and interest.

Among the various options available for representing diagrams in an online canvas,
bpmn.js was selected, since it offered several benefits such as being easily integrable into
web applications, the ability to create BPMN diagrams with ease thanks to drag-and-
drop functionalities and easily editable elements, as well as offering developers easy
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access to the ElementRegistry, a variable that contains all elements that are found in any
given diagram, allowing easy access to the properties and information of the elements.
The latter feature in particular was the one that let bpmn.js stand out as the best option,
as it allowed a way to define custom BPMN evaluation rules, leading to the creation of
the dedicated evaluation engine.

Another strong benefit of bpmn.js consisted of it being an open-source project with
an active online community where several extensions that enhance the modeling expe-
riencewith additions such as providing graphical enhancements, simulating the process
flow, allowing the insertion of custom elements, and identifying differences between
two diagrams. Out of the several extensions available, the prototype was enhanced
with one that offered linting capabilities: through a button added to the modeling envi-
ronment, users would be able to have their diagram validated against BPMN modeling
rules derived from good practices, and, if a diagram contained errors, elements with
errors would be enhanced with visual feedback. An example of how the feedback pro-
vided by the linter looks can be seen in Figure 3.4.

Figure 3.4: BPMN linting extension highlighting elements with errors

3.2.2 Evaluation Engine
A feature that was judged to be essential for the developed prototype is the implemen-
tation of an automated evaluation engine: by providing a way for students to submit
their solution and receive automatic feedback the gamified tool would distinguish itself
among the existing tools and approaches by allowing freedom in how students solve
exercises, as the current educational options in the literature either offer static solution
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capabilities with element selection or are a real-life game where teacher feedback is
required.

Furthermore, an automated feedback mechanism would solve the issue of BPMN
education requiring practical assignments with teacher assistance, by easing the neces-
sary workload and letting students receive preliminary assessments of their solutions,
countering limited teacher availability and ensuring students are guided in a way that
feels similar to what a human evaluator would do, with the teacher being available for
complex assessments and corrections that the tool would not be able to catch.

The first step in the creation of this evaluation engine was achieved with the lint-
ing extension, which was selected due to it being able to identify violations to standard
modeling constraints (e.g., processes requiring a single start event, elements not being
disconnected from the main flow, execution flows needing to eventually reach an end
event); the linter, however, would only be able to cover syntactic violations, while lack-
ing a way to identify semantic ones (that is, it would not be able to understand whether
a diagram is consistent with the domain it is supposed to represent).

For this purpose, six evaluation criteria have been defined for the prototype version
of the tool, with the goal of identifying the first set of evaluation rules and conditions
needed to have a valid automated evaluation procedure for BPMN diagrams; these first
criteria were not exhaustive but would serve as the starting point for the creation of a
complete engine. A specific section of the tool made it possible for a teacher to define
evaluation conditions for an exercise by specifying the values related to each criterion
by using the JavaScript Object Notation (JSON) format, using the element names de-
fined by bpmn.js to identify the required elements. (e.g., an activity would have to be
specified as Task, an exclusive gateway as ExclusiveGateway).

The six criteria are as follows:

1. Specific BPMN elements must be present in the diagram. This criterion is used
to list the elements the student is expected to include in their diagram for it to be
considered correct. Requires the teacher to state the type of element as key and
the number of expected elements of that type as value:

1 {”StartEvent”: 1, ”Task”: 2, ”EndEvent”: 1}

2. An element of a specific type must be followed by an element of a second type.
This criterion allows teachers to define the expected order of elements in the
diagram, letting them define the intended process flow. Works by specifying the
target of the preceding element as the key and the destination element as value:

1 {”Target_ExclusiveGateway” : ”Task”}

3. An element of a specific type must have a specific definition. Useful in case a
solution requires events, this criterion lets teachers specify the intended cause of
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an event by using its type (start, intermediate, or end) as key and the definition
as value:

1 {”Definition_IntermediateCatchEvent” : ”
TimerEventDefinition”}

4. An element of a given pool must send a message flow to one in a different pool.
If communication between different pools must be represented, this criterion lets
teachers specify which element is sending the message as key, and which element
is receiving the message as value:

1 {”MessageFlow_Task” : ”StartEvent”}

5. A gateway must have a given number of outgoing sequence flows. With this
criterion, decision splits can be modeled by stating howmany flows are supposed
to go out of a gateway by specifying the type of gateway as key and the number
of flows as value:

1 {”Outgoing_ExclusiveGateway” : 2}

6. A gateway must have a given number of incoming sequence flows. The final
criterion mirrors the previous one by stating how many incoming flows are ex-
pected for gateways, with the two criteria being intended to be used in the same
fashion if a solution includes gateways by specifying a pair of two (key, value)
items for each gateway. The definition of data needed for this criterion is similar
to that of the fifth one:

1 {”Incoming_ExclusiveGateway” : 2}

The automated evaluation engine works by retrieving the full set of rules specified
according to the six criteria and, any time a student asks for an automated evaluation,
iterates through the elements in the diagram to check if there are elements that satisfy
the specified condition. A rule is satisfied if there is one element in the diagram that
satisfies its corresponding condition, and this check applies to rules defined according
to all criteria excluding the first one; rules defined according to the first criterion simply
verify the number of elements of each given type, without any check on their proper-
ties. For the prototype, no interface was developed to allow the teacher to define the
necessary rules for each exercise: given the simplicity of the selected exercises, the rules
were directly hard-coded in the application by defining them through JSON syntax and
associating them with each exercise directly within the tool’s backend.

The evaluation engine built for the prototype offers a basic automated grading sys-
tem, not intended to act as a complete example of automated BPMN evaluation, but
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instead serves as a guide that provides clarity on which elements are required for a di-
agram. Unfortunately, the implementation of the engine has a serious limitation: the
fact that checks are based on the existence of nodes with no assessment of their name
or position in the flow means that, for example, given two tasks that are supposed to
be one after the other in the intended solution and have their positions swapped in a
student’s solution, the system would consider them correct anyway, because the rule
simply states that two tasks must exist and that one must be followed by another.

This limitation meant that, at least in the first prototype version, the tool was not
able to identify semantic violations, but would only be usable as a way for students to
learn good modeling practices; these six criteria were meant to be a starting point to
assess the impact of gamification mechanics for the solution of BPMN exercises: once
the best mechanics would have been identified, an improved evaluation engine would
have been created to support an improved version of the tool.

3.2.3 Preliminary prototype assessment
Once the first prototype had been successfully developed and its name had been final-
ized as BIPMIN, a preliminary assessment in the form of a single trial was performed
to evaluate both the usability of the tool and the effectiveness of the three different ver-
sions, with the corresponding game mechanics, in increasing student motivation. The
purpose of the study was defined according to the Goal-Question-Metric (GQM) tem-
plate and was expressed as evaluate and improve the usability and motivation of partici-
pants in using different game elements in motivating students to interact with a gamified
BPMN modeling application from the point of view of software development researchers
in the context of an educational environment ; Table 3.2 summarizes the study’s purpose
according to the GQM template.

Table 3.2: GQM Template for the preliminary assessment of BIPMIN

Object of Study Gamified BPMN modeling application prototype
Purpose Evaluate and improve
Focus Effectiveness at encouraging student interest
Context University SE courses
Perspective Developers, researchers, teachers

Study Design and Participants

The preliminary trial was set up as a session where participants would have to com-
plete a predefined number of tasks to evaluate the BIPMIN prototype. The first task
consisted of getting familiar with the BPMN modeling environment implemented in
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the tool by solving a first assignment on the online platform bpmn.io; this first task
aimed at giving participants a baseline reference of how non-gamified BPMN modeling
is performed, which would then be compared with the enhanced aspects brought by
gamification. After completing the second task (successfully accessing the application
via login), participants were asked to perform three tasks, consisting of completing one
BPMN modeling exercise for each task; following successful completion of these three
tasks, participants were asked to perform an additional exercise with the version they
had found more interesting. The final task was optional and consisted of participants
solving further exercises with their preferred version if they wished to do so. Com-
pletion of two post-trial surveys was needed to complete the study. A summary of all
seven tasks performed during the trial is presented in Table 3.3.

Table 3.3: List of tasks that composed the pilot trial

Task Description

T1 Complete the tutorial, then ask the facilitator to check your solution when you are done

T2 Access your account using the credentials provided.

T3 1. Select the progress version and complete the first exercise.
2. Check the skill level you reached after completing one exercise.
3. Return to the homepage.

T4 1. Select the competition version and complete the first exercise.
2. Check the position you reached on the leaderboard.
3. Choose your avatar.
4. Return to the homepage.

T5 1. Select the rewards version and complete the first exercise.
2. Check how many puzzle pieces you have unlocked.
3. Return to the homepage.

T6 Complete 1 additional exercise from the version you prefer.

T7 If you wish, complete further exercises with the version you prefer, then fill out the post-
experiment survey.

The trial was performed in person at Politecnico di Torino for 10 participants, who
used a version of the prototype running locally on a laptop and answered paper copies
of the questionnaire; the two remaining participants could only take part in the study
remotely, and thus used remote desktop control to access the local prototype.

Participantswere selected via convenience sampling among students of theMasters’
degree in Computer Engineering at Politecnico di Torino as representatives of students
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who would learn BPMN during their study career; due to the trial being a prelimi-
nary study, a small number of participants was selected, with a total of 12 volunteering
students being involved. Participation in the study was rewarded with tangible prizes
such as free snacks offered by the thesis student who was overseeing the development
of the prototype. Given the fact that students would use the tool individually, reduc-
ing the effectiveness of the competition version’s leaderboard, the tool was set to have
five seeded users with varying scores, populating the leaderboard with existing data to
provide competition elements even to the first students who participated.

Since the trial consisted of comparing three different implementations of the BIP-
MIN prototype, the study design needed to ensure that participants could try all three
versions to conduct fair judgment; it was thus not possible to adopt a between-subjects
technique where each participant would try only one of the three versions of the pro-
totype, and there would be no way to compare the differences in game mechanics. For
this purpose, a within-subjects design (see Section 2.4) was selected, so that participants
could experience all three versions of the prototype for direct comparison; the design is
also more suited for experiments with a small sample of participants, making it the bet-
ter choice for the pilot study. To mitigate ordering biases, tasks were counter-balanced
with the use of a balanced Latin square to ensure participants did not test the prototype
with the same configuration; this resulted in a total of 6 different variations of how
tasks T3, T4, and T5 were ordered, each assigned to two of the participants, as shown
in Table 3.4.

Table 3.4: Task order based on a balanced Latin square.

First Second Third

T3 T4 T5
T4 T5 T3
T5 T3 T4
T3 T5 T4
T4 T3 T5
T5 T4 T3

Finally, the exercises that were used for the trial were the same across the different
versions, with the only difference being in the order in which they were supplied de-
pending on the version used: for example, the first exercise to appear in the rewards
version was used as the fourth one in the competition version; the exercises had a sim-
ilar level of difficulty, ensuring that the level of challenge would remain the same over
the different tasks, as well as making sure that participants were able to face different
exercises and modeling topics throughout the study.
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Research Questions and Metrics

Three research questions have been defined to frame the design of the preliminary
assignment:

• RQ1: Is the system effective in motivating students to perform modeling tasks?
The expectation is that, by using BIPMIN, participants are able to successfully com-
plete modeling assignments and are more encouraged to do them

• RQ2: What is the usability of the system?
The goal of this question is to measure the usability of the prototype and identify
potential improvement areas

• RQ3: Which game elements are preferred by the users of the system?
The goal of this question is to identify the elements that participants identify as the
most motivating and enjoyable, to build upon them for a complete version of the tool
suitable for classroom use

To answer RQ1, the goal was to assess whether the prototype could help the partic-
ipants by improving their performance in BPMN modeling tasks, as well as to evaluate
whether the implemented mechanics could be effective in increasing the motivation
to perform additional tasks. For this purpose, the tasks that composed the trial were
defined to ensure that the participants to the study could:

• Successfully access the application

• Navigate to their target location

• Understand how to perform and complete exercises within the application

• Understand the feedback provided by the application to fix any errors

• Interact positively with the different game elements

Additionally, quantitative measures were taken as a way to assess the impact, in
terms of performance and motivation, of the BIPMIN tool: for all tasks and sub-tasks,
excluding the optional task T7, the time needed was considered a relevant metric, with
a reference value being defined as the reference time needed to complete the task (e.g.,
the time needed for successfully completing an exercise was estimated as 5 minutes, a
time considered reasonable according to the difficulty of the various exercises). Another
metric, for tasks related to completing exercises, was the number of times participants
checked the solutions of their exercises; this metric was recorded to measure whether
participants would understand the feedback mechanism of the tool. The summary of
the tasks, with the corresponding criterion that was considered necessary for successful
completion and reference time needed to achieve the criterion, is presented in Table 3.5.
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Table 3.5: RQ1-related success criteria and metrics for the tasks

Task Success Criteria Metrics

T1 The participant follows the instructions provided
and is able to complete the exercise (in 5 min)

Time to complete

Number of requests to check the solu-
tion

T2 The participant logs in to the tool successfully (in 30
s)

Time to complete

T3 1. The participant completes the first exercise (in 5
min)

Time to complete

2. The participant records their level (in 30s) Number of clicks on the check solu-
tion button

3. The participant returns to the home screen (in 30
s)

T4 1. The participant completes the first exercise (in 5
min)

Time to complete

2. The participant records their rank (in 330s Number of clicks on the check solu-
tion button

3. The participant selects a new avatar (in 2 min)
4. The participant returns to the home screen (in 30
s)

T5 1. The participant completes the first exercise (in 5
min)

Time to complete

2. The participant records the number of pieces col-
lected (in 1 min)

Number of clicks on the check solu-
tion button

3. The participant returns to the home screen (in 30
s)

T6 The participant completes an additional exercise on
their preferred version (in 5 min)

Time to complete

Number of clicks on the check solu-
tion button

T7 N/A

To answer RQ2, which focused on assessing the usability of the BIPMIN prototype,
the System Usability Scale described in Section 2.4 [17] was used, leading to the com-
putation of the final score intended to measure the perceived usability of the BIPMIN
prototype.

To answer RQ3, the three versions of the prototype were developed according to

50



3.2 – Creation of the first prototype and preliminary assessment

the themes discussed back in Section 3.2.1, with the corresponding metrics being im-
plemented, keeping the visual aesthetic of the application and the feedback mechanism
the same over all three versions.

During the trial, multiple metrics were considered in relation to RQ3: the first one
concerned participant behavior in terms of choosing their preferred version for task
T6, which asked them to complete an additional fourth exercise after having tried the
three versions once, clearly highlighting the preferred game elements. The optional
task T7 was included to further reinforce the preference, to assess which of the im-
plemented game elements were considered motivating and appealing enough to have
students perform more exercises than what they were asked to.

Additional metrics were recorded through a post-study survey that aimed to record
the participants’ preferences, composed of seven questions. More precisely, the survey
included: one question asking participants to select which versions of the prototype
they would like to use if they were to keep learning BPMN; two questions where par-
ticipants had to rank the three versions according to howmotivating and enjoyable they
felt, with a score of 3 indicating the most motivating/enjoyable version, and a score of 1
the least; two questions asking participants to rank the eight game elements according
to howmotivating and enjoyable they felt, with increasing scores from 1 to 8; a question
where participants had to specify which game elements they recommended including in
a complete version of BIPMIN. The questionnaire was then concluded with a section for
open comments to gather feedback and participant responses. Through the inclusion
of this survey, it was possible to have a clear understanding of the relative perception of
each mechanic in terms of increasing motivation, to then focus on the most appreciated
mechanics for further development of the prototype and actual classroom use.

Results

To answer RQ1, two metrics were taken: the time needed by the participants to com-
plete all tasks, and the number of times each participant evaluated their solution during
the tasks associated with modeling exercises. Regarding the time metric, Table 3.6 lists,
for each participant, the time spent for each task and the overall average time among
all participants; time measures are considered in relation to the success criteria defined
back in Table 3.5, with students being considered successful if their time score was less
than the expected time for each task. A special mention regarding task timing needs
to be given for tasks T3.3, T4.4, and T5.3, the three tasks that happened when a partic-
ipant had successfully completed an exercise and had to return to the homepage. This
activity could be completed by clicking on the application logo in the upper sidebar
of the screen, and the corresponding tasks were repeated three times in a different or-
der, meaning that participants would get familiar with how to complete the task in the
second and third exercises, and would thus need around 1-2 seconds to return home.
The three tasks have been considered equivalent in the sense that the time needed to
complete the first of these tasks has been considered for computing the average time.
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Table 3.6: Task completion times. Times that exceeded the expected duration are shown
in bold.

Participant T1 T2 T3.1 T3.2 T4.1 T4.2 T4.3 T5.1 T5.2 T6 T7 T3.3/T4.4/T5.3
P1 3:45 00:16 1:22 00:02 4:50 00:06 00:10 5:46 00:10 4:12 Y 00:12
P2 4:14 00:10 2:22 00:04 3:45 00:05 00:04 7:01 00:06 5:50 00:03
P3 2:57 00:08 2:53 00:05 4:31 00:16 00:04 4:00 00:02 3:10 Y 00:05
P4 3:47 00:08 1:48 00:18 3:41 00:02 00:05 4:49 00:12 4:21 00:07
P5 4:02 00:05 2:58 00:02 4:10 00:03 00:04 6:34 00:09 3:03 00:02
P6 2:52 00:10 1:03 00:15 3:15 00:10 00:09 4:45 00:02 3:47 Y 00:12
P7 2:22 00:10 5:56 00:02 3:58 00:03 00:02 3:02 00:02 6:11 00:14
P8 N/A 00:10 3:32 00:02 8:53 00:15 00:04 5:05 00:02 6:46 00:12
P9 N/A N/A 4:57 00:02 7:50 00:01 00:03 9:31 00:12 9:09 00:30
P10 3:13 00:28 1:51 00:22 4:03 00:14 00:08 1:56 00:03 3:55 00:36
P11 3:29 00:30 2:23 00:08 1:26 00:08 00:06 2:48 00:03 2:23 00:06
P12 4:49 00:21 2:59 00:06 4:09 00:09 00:13 4:25 00:03 5:21 00:25
Average 3:33 00:14 2:50 00:07 4:32 00:07 00:06 4:58 00:05 4:50 N/A 00:13

By observing the resulting set of collected times, it can be seen that the time needed
by participants to complete each task is, on average, below the corresponding success
criteria for the task, implying that participants were able to successfully use BIPMIN
for its intended purpose of being an engaging modeling environment.

Going more into detail, there were 13 instances of participants taking more than the
expected 5 minutes to complete a modeling exercise, and six of these happened to the
participants who were performing the trial remotely, with interaction lag being caused
by the remote control, implying that the corresponding scores could have been lower
and more in line with the scores obtained by the in-person participants (although still
above the expected threshold) if the task had been performed live.

By observing the overall distribution of tasks requiring more time than expected,
most of them happened in task T5.1, the one associated to the Rewards theme: the fact
that the order of execution was different, as well as the order in which exercises are
faced, suggests that this version of the prototype could possibly be perceived as more
interesting, as participants would spend more time exploring it compared to the other
two while also completing exercises.

Finally, 5 participants out of 13 did not manage to complete task T6 in less than 5
minutes; this result is in line with the overall design of the study, as the exercises were
designed to have a growing difficulty level, with the fourth exercise being slightly more
complex than the preceding three, and thus requiring more time than the others.

The second metric that was collected for RQ1 consisted of the number of times par-
ticipants checked their solutionwith the automated evaluation enginewhen performing
a task associated with a modeling exercise. Through this metric, the goal was to assess
the effectiveness of the feedback mechanism in helping users fix errors present in their
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diagrams, and, with feedback being a common mechanic and successful completion be-
ing necessary for satisfying each of the three versions’ gamemechanics, assess whether
BIPMIN could be effective in motivating students. The count of checks for each partic-
ipant in the four modeling tasks, as well as for the tutorial task T1 performed outside
BIPMIN, can be viewed in Table 3.7.

Table 3.7: Number of automated evaluation checks performed during exercise-related
tasks.

Participant T1 T3.1 T4.1 T5.1 T6

P1 2 1 3 4 3
P2 1 5 3 1 3
P3 1 2 3 2 1
P4 1 3 3 3 1
P5 1 3 2 2 2
P6 2 1 2 2 1
P7 1 3 1 1 2
P8 1 2 2 2 2
P9 1 1 2 1 1
P10 1 2 2 1 1
P11 1 1 2 2 2
P12 1 4 2 2 6

It can be observed that most participants needed a low number of checks before
reaching a correct solution, implying that the feedback mechanism was effective in
guiding them towards successful exercise completion; furthermore, the cases where
participants needed 4 or more checks before completing an exercise happened when
performing later tasks such as the third in their planned order, or during T6, meaning
that these values were obtainedwhen performingmore complex exercises. The fact that
the number of necessary checks was still somewhat low even for the more complex
exercises highlights the effectiveness of the evaluation engine’s feedback mechanism
and the game mechanics associated with the results of an evaluation.
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Answer to RQ1: The average time needed to complete modeling tasks being below
the expected necessary time implies that applying gamification had no negative impact
on successful BPMN modeling, and could actually be seen as a motivating factor. The
implementation of a feedback mechanism and of game mechanics being tied to exer-
cise completion, tied with the on average low number of checks needed to complete
exercises, further reinforces this assumption, as gamification could be seen as having a
strong impact on guiding students to the creation of correct solutions.

To answer RQ2, the System Usability Scale (SUS) was given to the participants to
fill out at the end of the study, to measure its perceived usability by students and assess
whether it would be appreciated if it were to be used in a classroom environment. After
computing the score with the answers given by all participants (a summary of which
can be found in Table 3.8), the final SUS score obtained by the BIPMIN prototype was
computed as the average of the scores given by all participants, resulting in a total score
of 85.8. The resulting score is above 68, the score canonically considered to be the aver-
age usability score of software applications, implying good usability characteristics and
a user-friendly design for the prototype. However, the low number of participants is not
sufficient to draw a conclusion in terms of the actual usability level of the application.

Table 3.8: System Usability Scale (SUS) scores given by the participants

Participant Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Score

P1 4 2 5 1 5 1 4 1 5 2 90
P2 4 2 3 2 4 1 4 2 4 4 70
P3 5 1 4 1 5 1 5 1 5 2 90
P4 5 5 5 1 5 1 5 1 4 1 97.5
P5 4 3 3 3 4 1 4 3 3 2 65
P6 4 1 5 1 5 1 5 1 5 3 92.5
P7 5 1 5 2 5 1 3 2 5 1 90
P8 4 1 4 2 5 1 5 2 4 2 85
P9 4 1 4 1 4 1 3 2 4 2 80
P10 5 1 5 1 5 1 5 1 5 2 97.5
P11 5 1 4 1 5 1 5 2 4 1 92.5
P12 4 1 4 2 5 1 4 1 3 3 80

In addition to the SUS score, positive comments by the participants when using the
tool were also noted and highlighted key points such as the pleasant application design,
its ease of use and intuitive functionalities, as well as the intention to continue using
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the application for BPMN modeling. While the high SUS score and favorable opinions
imply that BIPMIN could be easily understood and used by students during courses, the
fact that there is no indication of how usability translates to increased efficiency must
be considered, as well as the fact that with the SUS survey, it is not possible to identify
potential improvement areas in the tool design.

Answer to RQ2: The BIPMIN prototype obtained a System Usability Score rating of
85.8, which is more than the average usability value for software applications; the score,
together with the positive comments given by the participants when using the appli-
cation, implies that the tool could be used in classroom environments and easily un-
derstood and appreciated. However, a high usability value may not necessarily imply
effectiveness for improving BPMN modeling knowledge, meaning that additional work
may be required.

To answer RQ3, measures were taken to record the participants’ preferences in
terms of which version they liked the most, as well as their preferences on the game
mechanics, observing not only which ones the participants liked the most, but which
ones they had found motivating and enjoyable as well. The first step to observe these
preferences was achieved with the inclusion of tasks T6 and T7: the first one explic-
itly asked participants to complete an additional exercise on their preferred version,
while the latter was optional and asked participants to perform further exercises, using
multiple versions if they wished.

Participants showed a clear preference towards the Rewards version, which was se-
lected by 8 out of the 12 participants for task T6, while the remaining two versions were
picked by two participants each; regarding T7, only three participants opted to solve
more exercises, with one participant continuing to work on the Rewards version, one
continuing to use the Progress version, and one moving from the Competition version
to the Rewards one. The high appreciation for the Rewards version can probably be at-
tributed to how it ties successful modeling to receiving tangible, in-game, rewards: the
fact that exercises have to be unlocked gives a sense of fulfillment when solving harder
exercises, and the element of mystery represented by the hidden puzzle also encourages
participants to choose said version over one that focuses on a single-use leaderboard or
that indicates progression with no changes but the title.

Furthermore, the post-study survey aimed at exploring the participants’ preferences
more in detail; the first question focused on asking participants to mark which of the
three versions they would use if they were to keep studying BPMN in the future, allow-
ing for multiple versions to be selected. The selections have been combined to identify
the relative level of preference between the three versions; the total count of answers
to the first question can be seen in Figure 3.5.
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Figure 3.5: Count of the preferences expressed by participants about which versions
they would be more likely to use

Here as well, the Rewards version appears as the most appreciated, with 8 partic-
ipants stating they would like to use it again; the Competition version was also fairly
appreciated, with half of the participants selecting it, while the Progress version was
appreciated slightly less, gaining only 5 positive answers. This distribution further re-
inforces the hypothesis that unlockable elements are more appreciated, at least for a
single session, and that users tend to prefer having tangible rewards tied to their pro-
gression rather than just visual feedback, such as a growing progress bar.

To further explore the preferences related to the three versions, the survey also
asked participants to rank the three game versions according to how motivating and
enjoyable they found them, giving scores from 1 to 3; in two cases, two participants
assigned the same score to two versions, leading to the score being split evenly to ensure
a valid distribution of preference. The total scores for each version have been added
together to compute the Enjoyment Score and Motivation Score for the three versions,
and the distribution of these scores can be seen in Figure 3.6a and 3.6b, respectively.

56



3.2 – Creation of the first prototype and preliminary assessment

(a) Distribution of the Enjoyment Score for the three prototype versions

(b) Distribution of the Motivation Score for the three prototype versions

Figure 3.6: Scores assigned to the three game versions in the post-study survey

Overall, the Rewards version emerged as the winner of these two comparisons as
well, gaining a total of 28 Enjoyment Score and 29 Motivation Score, while the remain-
ing two versions presented some differences in their ranking: the Progress version was
judged as the second most motivating one with a score of 22.5 but as the least enjoy-
able, scoring only 19, while the Competition version got an enjoyment score of 25 and
a motivation score of 22,5. This result further confirmed the position of the Rewards
version as the best received out of the three, implying that further development of BIP-
MIN would have needed to consider the elements present in said version as the starting
point.

Additional questions on the survey aimed at constructing the participants’ ranking
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of the game mechanics, to identify which were the most appreciated and perceived
as most motivating and enjoyable, and to build on them with the goal of creating a
complete version of BIPMIN.

The first question related to the gamemechanics asked participants to state whether
they would have liked the mechanic to return or not in a complete version of the game
used in a classroom environment; the sum of the preferences expressed by the partici-
pants was computed to retrieve a score that would give the appreciation of the various
mechanics. Figure 3.7 displays the distribution of these preference scores.

Figure 3.7: Preference scores assigned to the eight game mechanics

In an unexpected contrast with the results obtained by the Progress version, its me-
chanics did not score as favorably: while rewards were appreciated by almost all partici-
pants (10 out of 12), unlockable exercises were not as requested to be kept for a complete
version; a possible interpretation of this result is that locking exercises behind progres-
sion may not be as appreciated if the application is to be used over multiple lectures and
sessions, as it would reduce the ability for users to play and try different exercises. A
second surprising outcome is the fact that avatars, a mechanic present only in the Com-
petition version, were appreciated by all participants: the interpretation is that avatars
provide freedom for users to express themselves, and with the perspective of unlock-
able avatars and the ability to display them to a classroom of peers, participants may
enjoy playing with them the most. Other mechanics, such as levels and progress bars,
were also appreciated by at least 75% of the participants, implying the possible positive
reception of titles tied to progression and visual indicators of success and correctness
for the exercises.

The two other questions that focused on the game mechanics aimed at measuring
the Enjoyment Score and Motivation Score for them, by asking participants to rank them
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from 1 (least enjoyable/motivating mechanic) up to 8, with the scores being computed
as the sum of rankings given by all participants. The resulting scores are shown in
Figures 3.8a and 3.8b.

(a) Distribution of the Enjoyment Score for the eight game mechanics

(b) Distribution of the Motivation Score for the eight game mechanics

Figure 3.8: Scores assigned to the eight game mechanics in the post-study survey

Regarding the enjoyment score, rewards were considered the most engaging me-
chanic, obtaining a total score of 78 and being ranked as the highest by 4 out of 12 par-
ticipants, strengthening even further the positive perception of this mechanic; other
appreciated mechanics were avatars, with a score of 70, then aesthetics with 62, and
the leaderboard with 59. In line with the results tied to the preference of mechanics,
experience points, and unlockable exercises, ranked as the least enjoyable mechanics.
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It can be assumed that these mechanics may be better perceived in a long-term envi-
ronment, where students can better appreciate the impact of leveling up and unlocking
new elements.

Regarding the motivation score, rewards were again confirmed as the best received
mechanic, ranking first with a total score of 71 and 5 participants considering it the
most motivating mechanic; other well-received mechanics in this aspect differed from
the enjoyment score, with levels and progress bars being considered the second and
third best mechanics, with 60 and 58 points respectively. The takeaway from this re-
sulting ranking is that these two mechanics, while not being perceived as particularly
enjoyable or fun, acted as a strong motivating force, with a sense of personal growth
being tied to successful exercise completion and visual feedback for following correct
modeling practices. On the other hand, unlockable exercises were also confirmed as the
lowest ranking mechanic, implying that a full version of BIPMIN could benefit from the
removal of this particular mechanic, or at least from a rework so that other elements
are unlocked instead.

Another mechanic that was not perceived as particularly motivating was the use of
avatars: this result feels surprising, considering that they were the mechanic with the
highest preference score and second highest enjoyment score; a possible explanation
may be the fact that all avatars were unlocked by default and thus, while the ability to
select a stylized animal to represent oneself was perceived as fun and interesting, there
were no other changes to the mechanic over time, implying that the feeling of novelty
could have worn off quickly. A way to strengthen this mechanic could be to change
the set of avatars so that not all of them are available immediately, and some of them
can only be unlocked over time, tying the concept of avatars and unlockable elements
together.

The survey also included an open question where participants could leave com-
ments regarding feedback or suggestions to improve the prototype: only half of the
participants answered this question, and their comments included suggestions such as
the inclusion of a BPMN tutorial, the addition of an achievement system, the creation of
a one-on-one competition mode, and the conviction that the leaderboard could be use-
ful in a classroom environment, despite the participant themselves noting they were
not a competitive person.

Additionally, many of the participants expressed opinions throughout the trial, fo-
cusing mainly on the Competition version, which was not perceived as favorably as
the Rewards one; however, the participants noted that the version would have prob-
ably been perceived differently if used during a course, noting that they would have
liked to compete with their colleagues. The fact that trial sessions were conducted in-
dependently of one another may have had an impact on the low appreciation of the
Competition version, meaning that the mechanics that it employed may be more im-
pactful if used over a longer period and with students being able to interact with each
other while using the tool.
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Answer to RQ3: The Rewards version was considered the most preferred, enjoyable,
and motivating version out of the three, with the reward in the form of puzzle pieces
being perceived as the most enjoyable and engaging mechanic; the other game me-
chanic implemented in this version, unlockable exercises, was not perceived as favor-
ably, however, implying that unlockable elements could still be effective, but may need
to be refined into other elements such as avatars or badges. The design of the study as
a set of independent single sessions may have impacted the perception of the Competi-
tion version, with its mechanics perhaps being better received in a long-term classroom
environment.

Threats to validity

The threats to the validity of the study are discussed in line with the four categories
reported by Wohlin et al.[128] and discussed in Section 2.4.

Threats to internal validity: for the trial study, threats to internal validity are
related to how the BIPMIN prototype was designed and regard mostly the game me-
chanics that were implemented: these mechanics were selected since they were among
the most commonly used and discussed in gamification literature, with known poten-
tial benefits and drawbacks. There is no guarantee, however, that the mechanics that
were implemented are actually the most beneficial, or that other mechanics could have
been more effective. A similar reasoning applies to how the mechanics were grouped
in three different versions: the results may have been different if the three versions
included different mechanics, for example, or a different combination of the existing
ones.

Finally, the implementation of the evaluation engine could also qualify as a potential
threat, since it only assesses the syntactic quality of a diagram and limits the semantic
aspect to checking whether specific elements are present or not, without any check on
their order or actual textual content. The fact that not all aspects of BPMN modeling
rules are covered by the evaluation engine could affect the impact of BIPMIN on student
performance.

Threats to conclusion validity: the main concern on this aspect is the fact that
this studywas a preliminary evaluation focusedmainly on the usability of the prototype
and on the perception of the gamemechanics. The results and the conclusions gathered
after the studymay not hold after a future empirical evaluation of BIPMIN,more focused
on the educational aspect of gamification impacting BPMN modeling education.

Additionally, the time constraints in the study, as well as the design of the study as a
single session, could possibly affect the evaluation of both the Progress and Competition
versions: for the former, the study being composed by multiple small tasks means that
it is not easy to evaluate progression fully, and multiple tasks supplied over time may
be more effective. A similar reason applies for the second version, since single and in-
dependent sessions are not suitable to evaluate leveling mechanisms and leaderboards,
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that conventionally better appreciated over longer time periods.
Threats to external validity: this study was designed as a preliminary evalua-

tion of a prototype gamified educational tool for process modeling focused specifically
on BPMN. The results cannot be generalized to other process modeling notations, to
non-educational contexts where BPMN can be employed, or to educational contexts
focused on other topics. Furthermore, the results cannot be generalized depending on
the selected game elements and mechanics, meaning that results cannot be compared
to those that other approaches, focused on different game mechanics, could obtain.

Threats to construct validity: for this study, the metrics that have been measured
(e.g., enjoyment and motivation scores, time spent completing tasks, preferred versions
and mechanics) have not been mapped to the effectiveness of BIPMIN as an educational
tool, meaning that its effectiveness on improvement of student performance is still not
known.

3.2.4 Key findings and lessons learned
This first research activity had the goal of developing the prototype for a gamified edu-
cational application focused on BPMNmodeling. The prototype was implemented with
three different versions centered around themes (rewards, competition, progress), each
with specific game mechanics in place to distinguish the impact of the three themes.
A preliminary evaluation focused on the usability, the potential benefits in modeling
performance, and the perception of the game mechanics was performed, involving 12
Masters’ students.

The preliminary trial showed that the prototype achieved a good usability score,
measured via the System Usability Scale, implying a good design to use as the start-
ing point for an effective educational application; part of the analysis focused on the
performance showed that students were, on average, able to complete their assigned
modeling tasks within the expected time period, and were able to understand the pro-
vided feedback and reduce the number of attempts needed to reach successful exercise
completion. The gamification aspect was well received, with the version focused on
rewards being the most appreciated of the three.

Overall, the evaluation showed that gamification of BPMN modeling can be well
received by students, with many participants stating that they would have liked to have
something similar to BIPMIN when learning BPMN: the positive reception warrants a
continued development of the prototype to ensure it can be used to enhance classroom
activities. Something that should be considered, however, is how some of themechanics
have been received by the participants: competition elements such as experience points
and the leaderboard were noted to have been less appreciated due to the study being
performed as a single session with no interaction among students, implying that these
mechanics would be more suitable for long-term usage.

Another mechanic that was less favorably received was the use of unlockable exer-
cises: while it belonged to the most appreciated version, the one focused on rewards,
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this mechanic was considered neither motivating nor enjoyable by the participants; the
interpretation is that using unlockable elements could potentially be more appreciated
by the users of the BIPMIN application if those elements were not exercises, which are
necessary to proceed, but rather tangible rewards such as the puzzle pieces that were
used in the prototype. A possible improvement of the platform that builds on the best-
received version could be the introduction of achievements and badges, or possibly the
use of more unlockable avatars, a mechanic that was considered among the most en-
joyable ones but one of the least motivating, perhaps due to the fact that avatars were
all available since the start of the trial.

Lastly, the main point of concern after the end of the preliminary study is perhaps
the most significant one: the current state of the BIPMIN tool offers very little in terms
of actual educational benefits, since the application is considered fun and motivating by
students, but does not offer a way to learn good modeling practices in terms of semantic
validity. The evaluation engine, in its current implementation, is able to tell whether
a diagram contains the necessary elements and their connections, but is not able to
tell whether these elements are in the intended order, for example, or if the element
has the intended meaning: for example, given an exercise focused on a food delivery
application, a solution might expect a start event followed by task related to ordering
a dish. The evaluation engine would be satisfied as long as those two elements were
present, even if the task stated a completely different activity.

Summary of the BIPMIN prototype study

The preliminary study on the BIPMIN prototype showed that gamification of
BPMN modeling can be well received by students, with mechanics that give tan-
gible rewards being preferred over others that are more suitable for long-term
use. The most obvious limitation of the prototype is the absence of semantic
evaluation of the produced solutions, an issue that needs to be addressed before
revising the implementation of game mechanics. Regarding the three versions,
although one has emerged as the clear favorite, the remaining two also showed
some possibly effective elements, meaning that future development should con-
sider a combination of multiple mechanics, rather than develop just a single ver-
sion.

3.3 Revisal of the first prototype
Following the results of the first preliminary study on the prototype, a development
cycle focused on improving the tool started in November 2022. The goal of the devel-
opment process was to create a new version of BIPMIN that could be used to perform
an empirical study to identify whether gamification could help students improve their
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BPMNmodeling practices compared to standardmodeling approaches, rather than sim-
ply being perceived as a fun and motivating activity.

For this purpose, the prototype had to be changed according to two main require-
ments: extending the evaluation engine so that it could also identify semantic errors in a
student diagram and assess the actual content of the elements (names and labels) rather
than just the element types, and selecting a subset of the existing game mechanics to
merge all three versions into a single one.

3.3.1 Enhanced evaluation engine
To improve the evaluation engine, the first necessary step was to define a way to ensure
semantic errors could be identified in an automated way, with the end goal of creating
a mechanism that would simulate the evaluation process performed by a human when
supplied with a BPMN diagram to evaluate. The target evaluation process was the one
where a teacher looks at a diagram drawn by a student and identifies which expected
elements in the solution are present or are missing, which ones belong to the correct
pool or not, which ones are placed in the wrong order, and which ones have the wrong
type.

To execute this evaluation procedure through an automatic evaluator, it was neces-
sary to define a way for the evaluator to know which elements a diagram was supposed
to contain, their types, their expected meaning, their position in pools and lanes, and
their order relative to the rest of the process; all this necessary information would serve
as the baseline for the evaluator, by giving it data that a student’s diagram would be
compared to.

The necessary data and information were thus defined in the form of the Reference
Solution, a structure that would represent a BPMN diagram containing all the necessary
elements in their correct form and order. The definition of this structure came after ob-
serving the way modeling assignments are handled in practical laboratories in software
engineering courses at Politecnico di Torino: students are expected to solve practical
exercises on their own at first, and an example of a valid solution for those exercises is
then drawn and explained by the course professor at a later date, providing guidance on
how to represent certain constraints and what are the possible errors that can happen
when modeling the exercise’s requirements.

The improved automated evaluator would simulate the scenario where a teacher
looks at a student’s diagram and, while knowing the intended reference solution, com-
pares the student’s diagram to the expected one, and provides feedback by explaining
which elements are correct and which ones are not. For elements to be considered cor-
rect, they would have to be equivalent to those in the reference solution and appear
in the same order in the diagram: for example, given an exercise about a system for
handling internship registrations for a university with its reference solution expecting
the first element to be a task where a student chooses an internship proposal, the evalu-
ator would consider this requirement to be correctly represented if a diagram included
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a task with a name/label that expresses the same meaning.
Given the variable nature of BPMN modeling, with its multiple types of elements

and alternative ways to represent the same set of requirements (e.g., an exchange of
information between participants could be represented with either message events or
message tasks, notification could be represented as either service tasks or with message
exchanges between an actor and an external pool), the automated evaluator would also
need to consider possible alternative representations, not limited to simply considering
the different possible names of elements, but also their types and combinations as well.

Another serious point of concern came from the order the elements would take in
the process: considering the fact that requirements could be represented in various
ways, and that requirements come in a fixed order, the need to represent subsets of the
full set of requirements for modeling exercises was identified as the key challenge in
the development of the improved evaluation engine.

The solution that was found to address this needwas the introduction of the concep-
tual division of the set of requirements, with the corresponding sections of the reference
solution, into Process Parts: similar to how a student would read paragraphs of an exer-
cise’s text and, as they identify a specific requirement, draw the corresponding element
or elements in the diagram, the evaluator would need to define data structures contain-
ing the necessary information to represent the various requirements in BPMN format.
The evaluation procedure activated by student input would then iterate through the
submitted diagram, looking for elements that match the requirements specified by the
data structures, giving feedback and updating the game mechanics according to the
student’s performance.

The definition of process parts was implemented in a similar way to the six eval-
uation criteria that were implemented in the prototype by keeping JSON as the se-
lected notation to express the necessary information for the required BPMN elements,
with keys representing the process parts and values being used to define the criteria
to satisfy to correctly model the process part. Keys were structured using the notation
𝐸𝑡_𝑃𝑛, where 𝑃𝑛 is used to represent the name of the given process part and 𝐸𝑡 spec-
ifies whether the process part contains one element (in which case it will be equal to
the element type following the bpmn.js specifications) or multiple connected ones (in
which case it will be GroupRules). The naming structure for defining process parts also
acts as the first condition to check: in case a process part is represented by a single
element, subsequent checks defined by the values in the JSON will be performed only
elements of said type; if, instead, a process part is composed of multiple elements the
corresponding value will be a list of objects with element types as keys and objects with
criteria as values, with checks being made only on elements with the same type as the
inner keys.

The evaluation procedure, which, similarly to how it was done in the prototype
version, is activated by students choosing to have an automated assessment of their di-
agram, works by iterating through all process parts defined for an exercise and checking
if there is an element (or group of elements) with the corresponding type that satisfies
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all criteria associated with the process part. These criteria are defined to represent the
various conditions that are checked during a human-led BPMN evaluation and, as a
consequence, should be checked by the evaluation engine; two conditions apply in all
scenarios and are thus always checked:

• An element represents a process part if its name conveys the intended meaning.
For example, a process part where a given actor needs to verify a document is
represented if a task’s textual content contains a verb that expresses verification
and the noun document (or a valid synonym). In the evaluator, this condition is
represented by defining an attribute in the process part’s data structure named
Label: this attribute is a list of strings, and the condition is verified if there is an
element of the required type whose label contains at least one of the specified
strings.

• An element is considered valid if it belongs to the expected pool. This condition
has an associated attribute in the data structure named Pool, which is a list of
strings; the condition is satisfied if the target element belongs to a pool whose
name contains at least one of the strings in the list.

Other conditions concern the relationship between process parts, which is an addi-
tional important element to consider during a human evaluation: to represent a process
part, it may not be sufficient to have an element with the correct name, and in the cor-
rect pool, the order of requirements is also something that impacts the correctness of
a diagram. Assuming that two requirements are specified one after another in the pro-
cess description and, consequently, their chronological order also sees one come after
the other, the corresponding elements in the diagram must also come one after another.
As a consequence, process parts in the reference solution can also specify the informa-
tion relative to the process part that comes immediately before or immediately after,
with the use, respectively, of the Parent and Target labels. The data structures asso-
ciated with these labels are objects that work in the same way as the structures that
define the elements for the process parts, meaning that they have their own Label at-
tribute, to specify the strings a preceding/following element is expected to include in
its label, as well as an attribute called Element, that specifies the type of element. If an
element specifies conditions related to its preceding/following element, then it must be
preceded/followed by an element that satisfies its inner condition, and it must satisfy
its own condition as well.

Additionally, other criteria have been defined to cover conditions related to specific
elements: for example, event types (e.g., timer, message, error) are defined through a
specific attribute in the corresponding object instead of being separate object types; to
cover this requirement, event elements have an additional constraint called EventDefi-
nition, requiring events to also have the corresponding definition to be considered valid,
in addition to other constraints.
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Other criteria concern boundary events, a special type of event that can be appended
to tasks to signify non-standard process execution in case the event’s condition is ver-
ified before the task terminates. To represent a process part that involves this type of
events, both the event and the task need to have additional definition: for the former, an
attribute called BoundingElement is used in the same vein as the constraints that specify
preceding/following elements, by listing the conditions that the element a target mes-
sage is attached tomust satisfy; an additional condition for boundary events depends on
whether they are interrupting (if the event activates then the bounding task can never
proceed and the process continues from the event) or not, with the boolean attribute
Interrupting stating whether the event under evaluation needs to be interrupting or not.

Message exchanges may also be considered required conditions in some cases: if
two elements exchange messages, they will have attributes MessageSender or Message-
Target that specify the condition of the element the message is received from, or is sent
to, respectively. In case an element has one of these conditions, it will be considered
valid for its process part if it exchanges a message with an element that satisfies the
inner properties.

The reworked version of the evaluation engine addresses its main limitation with
the original implementation, that is, the inability to evaluate the semantic quality of a
diagram: with the definition of a mechanism that checks for process parts and assesses
whether a diagram contains the required elements, BIPMIN can now be used to give
detailed feedback when students ask for an evaluation of their diagrams. Furthermore,
the ability to check for syntactic quality is still implemented with the same library that
was used in the prototype (bpmnlint.js), ensuring that the feedback covers both best
practices about modeling rules and ability to represent the intended domain; pragmatic
quality, however, remains something that is complex to automatically evaluate, since it
focuses more on the readability and understandability of a diagram, features that are
better assessed via human evaluation. The new version of the evaluation engine only
assesses the content of the various elements and their position in the process flow in
relation to one another, with no focus on the elements’ positioning in the available space
or their size; naming conventions are also not strictly enforced, since the only check on
element labels is on ensuring that specific, context-defining words are included.

3.3.2 Selected and revised game mechanics
Building on the results of the preliminary usability trial, the second main point of de-
velopment was the selection of the game mechanics to keep in the revised version of
BIPMIN. The first decision was to move away from the division into three separate ver-
sions andmerge them into a single tool that supports multiple kinds of gamemechanics.
Additionally, the goal for the improved version of the tool was to conduct an empirical
study with a large cohort of students to assess the educational impact of gamification
on BPMNmodeling; this decision guided the selection of game mechanics, with a focus
on mechanics that could be most effective into a single-use session, as well as those
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that could be helpful in guiding students toward producing correct diagrams with the
support of the improved evaluation engine.

Following this decision, all mechanics implemented on the prototype had been re-
analyzed to decide if they were going to be considered for development for the revised
version focused on the study, or if they were going to be focused on when developing
a version of BIPMIN focused on long-term use:

• The leaderboard, which had been described by multiple participants in the pilot
study as a mechanic that would have been more successful if used in an actual
classroom environment.

• Experience points, which were something that built up over multiple exercises in
the prototype, were discarded due to being related to the leaderboard, and thus
judged asmore suitable for a long-term studywhere students could solvemultiple
exercises.

• Avatars, despite being well-received in the pilot study, were tied to the leader-
board and, in general, are a mechanic that relies on interaction between players
to be appreciated. A decision was taken to combine avatars and unlockable ele-
ments in a future version of the tool, more focused on long-term use, in case the
results of the empirical study proved the effectiveness of gamification on learning
modeling practices.

• Progress bars were implemented in the prototype for the progression in a single
exercise, as well as the progression over all the available exercises. The progres-
sion of a single exercise was kept as a way to help students easily understand
how close they were to reaching exercise completion.

• The skill level, in a similar fashion to experience points, was considered some-
thing that could have a better impact if used over time.

• Prizes were the overall most appreciated game mechanic, and were considered
a mechanic that needed to be kept, with them being considered both the most
enjoyable and motivating mechanic. Although the original implementation used
multiple exercises to provide the available puzzle pieces as rewards, thismechanic
was deemed to be easy to implement in the execution of a single exercise.

• Unlockable exercises were the least appreciated mechanic in the prototype’s eval-
uation, and were already considered for a rework after the analysis of the trial’s
results. Due to unlockable elements being something that reflects learning pro-
gression over time, it was decided that such a mechanic was not needed for the
planned study.
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• The overall aesthetic of the application was also evaluated as a mechanic in the
pilot study, and was somewhat well-received. The graphical feel of the applica-
tion was thus kept, even with the combination of multiple versions into a single
one; however, it was decided that the aesthetic aspect of the tool was not going
to be considered a game mechanic for the empirical evaluation, focusing exclu-
sively on the actual game mechanics that could have an impact on the learning
experience, rather than on the app layout and look.

After having selected progress bars and prizes as mechanics, it was decided to refer
to them during development and analysis by considering their original themes in the
prototype, as they better encompassed the intended meaning of the mechanics; thus,
the new version of BIPMIN had to implementmechanics related to Rewards and Progress
that could support learning modeling practices. By selecting these two mechanics for
implementation, BIPMIN was envisioned as a tool where students could solve model-
ing exercises by knowing how much of the intended process representation they were
covering and they would get rewarded by following modeling rules and representing
parts of the target domain; other mechanics had to be selected with a focus on further
strengthening the educational aspects, as well as being easy to blend together with the
new evaluation engine.

To blend together the game mechanics with the evaluation engine, it was decided
to turn the output itself of the automated evaluations into a game mechanic, leading to
the definition of the Feedback mechanic, reinforcing the interpretation of the automated
engine as a simulation of the explanation that a teacher gives when evaluating the dia-
gram; at this point, however, the game mechanics were going to provide an imbalanced
experience according to the tenets of the Octalysis framework, focusing too much on
White Hat gamification and an excess of positive motivators.

As a way to counteract this imbalance, the simulation aspect of BIPMIN was re-
vised further: in the simulation, the student was intended to be performing modeling
assignments with the help of an automated teaching assistant and a reward for success-
ful completion; the target assignments were interpreted as graded assignments where
errors are discouraged through the use of a Penalty related to the presence of errors.

After selecting these four mechanics for the implementation of the new version, the
main goal was to revise them so that they could interact with the evaluation engine: the
first step was to define the feedback produced by an automated evaluation so that, given
an exercise with the set of expected process parts, the evaluator could return which of
the parts were not modeled (in the sense that no elements in the diagram could satisfy
all defined constraints for the element/elements in the part) and the ones that were,
together with the reference to the corresponding elements in the diagram. The game
mechanics were then implemented in the following way:

• The Rewards kept the original structure as the prototype, as a puzzle whose
pieces had to be unlocked with good modeling practices. The implementation
was shifted to rely on a single exercise, with students being able to obtain points
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the first time they could model successfully each of the process parts that com-
posed the exercise’s reference solution. Points could then be spent to purchase
pieces of the puzzle, with an indication of howmany points the user had available,
as shown in Figure 3.9. Points have different values depending on how complex
the model of their corresponding part is, with simpler parts being worth half
or one point, and parts with multiple elements and additional conditions being
worth more than one point.

Figure 3.9: Exercise page sidebar implementing the Rewards, Progress, and Penalty me-
chanics

• The Progress concept was kept as a progress bar displayed in the exercise’s user
interface that updated depending on the results of an evaluation. The bar would
originally be emptywhen starting an exercise andwould update after every check
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activated by a student, reporting the completeness percentage of the exercise as
the number of correctly modeled parts (that is, parts with matching elements)
over the total number of parts that compose the exercise. An example of what
the progress bar looks like can be seen in Figure 3.9.

• In line with how it was decided to structure the simulated experience, the Penalty
mechanic was implemented in the form of the grade assigned to the exercise:
any time a student uses the evaluation engine to check the correctness of their
solution, the grade gets reduced by a value tied to the number of process parts that
do not have matching elements in the diagram. The grade reduction is applied
after every check to deter students from submitting the same diagram over and
over with no changes. This mechanic mirrors the points that can be traded for
puzzle pieces, as the reduction for non-modeled parts is the same as the number of
points that are obtained for including a process part (meaning that less complex
parts reduce the grade less compared to more detailed ones). Figure 3.9 shows
the indication of the current grade’s value in the application sidebar.

• The Feedback mechanic was implemented in two steps: first of all, a dedicated
modal window is displayed after every automated evaluation, displaying the list
of parts that are not represented, as well as those that have matching diagram
elements, with the number of points that have been deducted from the grade or
obtained, respectively, as displayed in Figure 3.10. Moreover, each process part

Figure 3.10: Modal window shown after an automated evaluation listing which process
parts are modeled and which ones are still missing
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has an associated color, which is used when presenting the parts that have been
modeled correctly in the modal window; the main purpose of the color, however,
is to change the background of the elements that have been considered match-
ing for the process parts in the same way, highlighting which parts of the stu-
dent’s diagram are considered correct and which ones are not. An example of
what the feedback mechanism looks like in practice is shown below, with Fig-
ure 3.11a showing a BPMN diagram before an automated evaluation, and Figure
3.11b showing the same diagram after the automated evaluation, with the col-
ored elements signifying that the upper pool is correctly representing part of the
requirements, while the lower one needs to be improved.
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(a) BPMN diagram not yet submitted to an automated evaluation

(b) BPMN diagram with changes applied after an automated eval-
uation and coloring for elements that satisfy conditions for certain
process parts

Figure 3.11: Implementation of the Feedback mechanic via the changes to a student’s
diagram

3.4 Empirical experiment on the improved prototype
After the implementation of the improved evaluation engine and the refactoring of
gamemechanics to be compatiblewith it, the intended empirical experimentwas planned
for execution in January 2023. The goal of the experiment was to investigate whether
gamification could have an impact on learning BPMNmodeling practices, leading to an
increase in productivity and correctness. For this purpose, the experiment was framed
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according to the Goal-Question-Metric (GQM) template, with its purpose being ex-
pressed as assess the impact of gamification on the production of BPMN diagrams and
their correctness from the point of view of BPMN modeling teachers in the context of uni-
versity courses, while the summary of the experiment according to the GQM template
is presented in Table 3.9.

Table 3.9: GQM Template for the empirical experiment on the improved BIPMIN

Object of Study BPMN modeling education
Purpose Compare the traditional and gamified approach
Focus Productivity, Correctness
Context University modeling courses, modeling tools
Perspective Researchers, teachers

3.4.1 Study Design and participants
Participants were recruited for the experiment via convenience sampling among the
students enrolled in the Information Systems course offered by the Masters’ level in
Management Engineering at Politecnico di Torino. Participants were selected via vol-
untary participation, which was awarded with 2 additional points out of the 30 assigned
to the course’s final exam grade; furthermore, students were reassured that participa-
tion was optional since the beginning of the course, and that there would have been
no negative consequences for not attending the experiment, nor for performing sub-
optimally during the experiment itself. The resulting cohort of participants was a total
of 200 students, with 95 female students and 105 male students. The experiment was
conducted in a mixed way: to account for the students’ availability, it was possible
to participate either in person at Politecnico di Torino’s computer laboratories or re-
motely with one’s personal device; for students participating remotely, an online chat
room was set up to provide assistance during the study, ensuring that instructions and
general feedback were available for all participants involved. Before letting students
solve the two exercises, the tool was introduced with a tutorial by the PhD candidate,
who introduced all the functionalities of the tool.

Since the study focused on the impact of gamification on BPMN modeling prac-
tices, the experimental design needed to introduce a way for participants to compare
regular BPMN modeling with the enhancements brought by BIPMIN. For this reason,
the within-subjects design was selected once again, meaning that participants would
have to execute modeling tasks both with and without gamification. The participants
were recruited from the students of a course where BPMN is taught as a topic with
both theory lectures and practical laboratory sessions where students complete model-
ing assignments on their own using an online platform called Signavio Academic; this
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platform offers a way for its users to check if a BPMN diagram contains BPMN syntax
violations, in a way that is similar to what the bpmnlint.js library implemented in BIP-
MIN allows to do, meaning that students were already used to modeling with syntactic
assessment.

To ensure fairness in the comparison between the presence of the treatment (gamifi-
cation) or not, it was decided that students would not use Signavio for the non-gamified
task: a modified version of BIPMINwith no gamified mechanics was developed instead;
this version offered the basic syntax evaluation features, to be in line with what the stu-
dents were using during the course. The two treatments were thus finalized according
to the version in use, with the original BIPMIN representing the Gamified version and
the non-gamified version with simple syntax checking being named the Vanilla ver-
sion.

After settling on the experiment design and how to administer the treatment, the
number of tasks was finalized as a total of two exercises, one per each treatment: this
resulted in a 2x2 full factorial crossover experiment where, depending on the combina-
tion of both the treatment (Gamified-then-Vanilla or Vanilla-then-Gamified) and task
(Exercise 1 followed by Exercise 2 or vice-versa), a total of four possible experimen-
tal conditions could be possible; the four possible combinations defined four possible
groups and are presented in Table 3.10. To ensure fairness, participants were randomly
assigned to the four groups, ensuring that each group had a total of 50 participants.

Table 3.10: Experiment Design for the first BIPMIN empirical study

Task 1 Task 2
Exercise Tool Exercise Tool

Group 1 Exercise 1 Vanilla Exercise 2 Gamified
Group 2 Exercise 1 Gamified Exercise 2 Vanilla
Group 3 Exercise 2 Vanilla Exercise 1 Gamified
Group 4 Exercise 2 Gamified Exercise 1 Vanilla

The two exercises were selected among the exercises defined by the course’s super-
visors for the exam calls in years before 2023, and consist of the description of real-life
scenarios where an Information System is used to facilitate a process involving multi-
ple actors and activities. The experiment was performed at the end of the course, a few
weeks before the final exam, and it was assumed that students had the necessary knowl-
edge and preparation to solve the two exercises in a reasonable amount of time: a time
constraint was then enforced during the experiment, as participants were given a time
frame of 45 minutes for each of the two exercises they had to solve. The exercises were
judged by the supervisors to be of average difficulty and suitable for students to solve
during the experiment, being originally designed as part of exam calls of 60 minutes
with additional tasks; moreover, the time limit was not enforced strictly, meaning that
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students were allowed an additional 5-10minutes to conclude an exercise. The difficulty
levels of the selected exercises, together with the flexible time window, were calibrated
to ensure students would be able to interact with the implemented game mechanics.

Additionally, after the participants had completed the two exercises, a questionnaire
was administered to collect their opinion about the overall experience with BIPMIN:
this questionnaire included the GAMEX questionnaire, a survey used to measure user
perception when using gamified environments, as well as questions that measured the
participants’ opinions about the game mechanics.

3.4.2 Research Questions and Metrics
The experiment was designed so that it could provide answers to the following research
questions:

• RQ1: Does gamification improve the students’ productivity in modeling BPMN
diagrams compared to non-gamified BPMN modeling?
The intent of this question is to measure whether gamification can make BPMN
modeling more appealing, leading to themmaking more evaluations and controlling
the size of their diagrams.
This question is further refined into:

– RQ1.1: Does the application of gamification impact the Size of the diagrams
produced by the students?

– RQ1.2: Does the application of gamification impact the Attempts made by
students?

• RQ2: Does gamification improve the Correctness of the diagrams modeled by the
students compared to non-gamified BPMN modeling?
The expectation with this question is that gamification can provide a more engaging
environment, and its mechanics can lead students to produce more correct diagrams.
This question is further refined into:

– RQ2.1: Does the application of gamification impact the Syntactic correctness
of the diagrams produced by the students?

– RQ2.2: Does the application of gamification impact the Semantic correctness
of the diagrams produced by the students?

• RQ3: What is the students’ Perception of gamified BPMN modeling?
The goal of this question is to measure how students perceive gamification.

• RQ4: Does gamification improve enjoyment and perceived usefulness compared
to non-gamified BPMN modeling?
The assumption behind this question is that students see gamification in a favorable
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way.
This question is further refined into:

– RQ4.1: How do students feel about the implemented Game Mechanics?

– RQ4.2: What are the Issues the students found with BIPMIN?

– RQ4.3: What are the possible Improvement areas for the tool according to
the students?

The design of the experiment depends on three independent variables, with the
treatment being the application of gamification or not, and two other independent vari-
ables being the two exercises being used as the experiment tasks and the order in which
the treatments are applied. Dependent variables, instead, relate to the potential benefits
that gamification could bring when applied to BPMNmodeling in terms of student pro-
ductivity and diagram correctness. Furthermore, the post-experiment questionnaire is
used to measure the students’ perception of the gamified experience (with the GAMEX
constructs), the enjoyment and perception of the game mechanics, and the students’
opinions collected with open-ended questions.

The collection of experiment results was performed in two separate ways depend-
ing on the source of related data: for metrics related to research questions RQ1 and
RQ2, which focus on the diagrams produced by their students and the corresponding
feedback produced by the evaluation engine, data was collected automatically by BIP-
MIN, which saves the students’ diagram after each evaluation, keeping for each account
and exercise the history of the five most recent evaluations and the corresponding feed-
back; the diagram and feedback that was last saved at the end of each modeling task
were selected as data for analysis. Regarding the metrics for RQ3 and RQ4, the survey
was offered online as a Google Form, which automatically collects all given answers in
a single spreadsheet.

The metrics under analysis have been distinguished according to the different re-
search questions: regarding RQ1, Productivity was measured with the Size of diagrams,
computed as the count of all elements in the diagram, and the Attempts made by stu-
dents, counted as the number of times each student had their solution assessed by the
automated evaluator. This metric was further divided into syntax checks, existing in
both the non-gamified and gamified versions, and correctness checks focused on se-
mantic quality available only in the gamified version, and only after a diagram was
found to have no syntax errors with the first check.

Size was selected as a metric with the assumption that, since the reference solutions
were defined with a necessary minimum set of elements for a diagram to be evaluated
as correct, there was not going to be high variability in terms of the number of elements
that could have been included in the students’ diagrams. Additionally, solutions did not
cover alternative ways to represent the same process part, with the only variation al-
lowed being in the labels assigned to the elements by allowing synonyms. This way,
with a fixed number of required elements for a diagram to be considered correct, it was
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decided that producing diagrams with more elements equated to being more produc-
tive, and that by not allowing variations in the allowed types of elements, the risk of
considering a diagram wrongly modeled that was actually correct was reduced.

As for answering RQ2, Correctness was split into Syntax correctness and Semantic
correctness. The former was measured as the percentage of syntax rules satisfied by a
diagram over the total number of syntax rules, while the latter was computed as the
number of process parts modeled by a diagram over the total number of parts. This
metric represents diagram correctness and should not be confused with the semantic
error count metric used in Chapters 4 and 5, a metric that measures incorrect domain
representation choices.

RQ3 related to the students’ perception of the gamified experience, which was as-
sessed with the GAMEX questionnaire described in Section 2.4, using a Likert scale
ranging from 1 - Strongly Disagree to 5 - Strongly Agree to express the answers

To answer RQ4, the questionnaire included questions about the four game mechan-
ics implemented in BIPMIN: more precisely, three questions were included for each
mechanic, asking the participants how the mechanic had influenced their experience,
whether they thought the mechanic was useful, and how much they had appreciated
the mechanic. Answers to these questions were also expressed as Likert scale ques-
tions, with the same range as the GAMEX questions. Furthermore, the questionnaire
included two open-ended questions: the first one asked participants to describe any
issues they had experienced during the study, while the second asked them to report
comments and opinions that they believed could help improve the overall experience.

3.4.3 Analysis Method
To answer RQ1 and RQ2, null hypotheses have been formulated around the metrics
discussed above. These hypotheses are presented as follows:

• 𝐻𝑠0
: Gamification has no statistically significant impact on the Size of the dia-

grams submitted by students

• 𝐻𝑎𝑠0
: Gamification has no statistically significant impact on the Attempts made

by students

• 𝐻𝑠𝑦𝑐0
: Gamification has no statistically significant impact on the Syntax Correct-

ness of the diagrams submitted by students

• 𝐻𝑠𝑒𝑐0
: Gamification has no statistically significant impact on the Semantic Cor-

rectness of the diagrams submitted by students

Given that the experiment was designed as a full factorial crossover study, the data
were analyzed using a repeated measures linear mixed model, according to the guide-
lines by Vegas et al. [124]; furthermore, the two exercises and the order of treatment
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have also been considered design factors during the analysis, to counteract possible
threats to validity related to the design. To account for the four comparisons performed,
Bonferroni correction was applied to reduce the risk of false positives, resulting in a
threshold for the p-value of 𝛼𝐶 = 0.05/4 = 0.0125.

RQ3 and RQ4, instead, were evaluated through a questionnairewhose answers could
not be analyzed with statistical hypothesis testing; the answers were analyzed through
descriptive statistics, with a focus on the distribution of scores for Likert-scale questions
(RQ3 and RQ4.1). For these questions, the analysis method consisted of computing the
average score assigned to each set of questions as the overall opinion for each stu-
dent, and then plotting the distribution. Lastly, RQ4.2 and RQ4.3 were answered with
open-ended questions where students could present their opinions: these answers were
analyzed using the open coding strategy from Straussian Grounded Theory (see Sec-
tion 2.4) [118]. Each answer was labeled with the most compatible topic from a growing
set, with two subsequent passes to refine assignments and identify answers for which
multiple topics were suitable.

3.4.4 Results
Table 3.11 lists summary statistics about the metrics selected for answering RQ1, that is,
the minimum, maximum, mean, median, and standard deviation of the diagram size of
each student’s final saved diagram, as well as the number of attempts made by students,
computed as the number of evaluation checks performed during each task; thesemetrics
are grouped depending on the exercise first, then on the treatment, and then over both
exercises depending on the treatment (with or without gamification). The distributions
of the two metrics over the two exercises, depending on the application of gamification
or not, have been represented in a combined box and violin plot, and can be seen in
Figure 3.12.

Table 3.11: Summary statistics for Productivity metrics

Exercise 1 Exercise 2 Total
V G V G V G

Size Min 19 27 25 27 19 27
Max 119 93 78 79 119 93
Mean (SD) 61.7 (13.3) 61.2 (12.3) 48.6 (10.6) 50.5 (10.6) 55.1 (13.7) 55.9 (12.7)
Median 60.0 60.0 48.5 50.5 54.0 56.0

Attempts Min 1 1 1 1 1 1
Max 25 61 17 55 25 61
Mean (SD) 6.5 (4.28) 14.6 (10.9) 5.7 (3.37) 14.5 (10.07) 6.1 (3.86) 14.5 (10.47)
Median 6.0 11.5 5.0 12.0 5.0 12.0
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(a) Box and violin plot for the Size metric

(b) Box and violin plot for the Attempts metric

Figure 3.12: Box and violin plots for RQ1 metrics

When considering the Size metric, it can be seen immediately that, on average, there
are no differences when it comes to the treatment, meaning that this value remains al-
most identical (55.1 elements to 55.9), with aminor increase for the gamification version.
When comparing the combination of treatment and task, that is, the use of gamifica-
tion and exercise to solve, a similar result is obtained for the first exercise, where the
average size is almost identical both with and without gamification; the second exer-
cise, instead, has a slight difference, with diagrams produced with gamification having
a slightly higher average size (50.5 against 48.6). It could be assumed that, on aver-
age, applying gamification to BPMNmodeling exercises does not lead students to make
substantial changes to their diagrams by adding or removing elements.

Some differences can actually be observedwith regards to theAttempts metric, since
there is a much higher average number of solution checks made by students when using
the gamified version, considering both exercises and considering the overall distribu-
tion of these attempts: the immediate interpretation of this result is that the imple-
mented game mechanics lead students to perform more evaluations of their diagrams,
since the results of an evaluation impact the four game mechanics.
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To answer RQ1, two null hypotheses have been defined, and a repeated measures
linear mixed models has been used to analyze the distribution of diagram size and eval-
uation attempts: Table 3.12 lists the results of the statistical analysis, showing the dif-
ference in average metric scores depending on the use of gamification (Treatment), the
task attempted (Exercise), and on whether gamification was applied in the first or sec-
ond task.

Table 3.12: Results of the statistical analysis for RQ1 metrics: Size and Attempts. Sta-
tistically significant p-values are in bold

Factor / vars: Size (𝐻𝑠0
) Attempts (𝐻𝑎𝑠0

)
coeff. p-value coeff. p-value

Treatment -0.3775 0.2170 -4.215 2e-16
Exercise -5.9700 2e-16 -0.2100 0.2525
Order 0.4750 0.4230 -2.2300 0.0056

The results of the statistical analysis focused on the treatment use as reference the
non-gamified version: as a consequence, it can be deduced that diagrams produced
without gamification tend to have a smaller size and require fewer attempts by stu-
dents. Furthermore, there is a statistically significant effect on the number of attempts:
this, in combination with the resulting coefficient, means that the null hypothesis 𝐻𝑎𝑠0
can be rejected, and it can be said that gamification leads students to perform more cor-
rectness checks on their produced diagram compared to simply allowing for syntactic
assessments. The corresponding p-value for the diagram size, however, is not signifi-
cant: 𝐻𝑠0

cannot be rejected, meaning that gamification does not impact the students’
tendency to make significant changes to their diagrams by increasing their element
count.

The analysis of confounding factors shows that there is a statistically significant
difference in diagram size depending on the exercise: the analysis considered the second
exercise as reference, and thus it can be said that it required students fewer elements for
them to be satisfied compared to the first, due to the negative value of the coefficient; no
significant difference was found for the number of attempts, with a negligible difference
between the two exercises. The order of treatment, used the order where gamification
was applied in the second task as reference: this yielded no significant result in the
diagram size, with a difference of around half an element on average, and a very slightly
significant difference in terms of attempts, with the coefficient being negative; the result
can be interpreted by assuming that moving from a version with no game elements to
one that had them led students to need less checks to be satisfied.
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Answer to RQ1: The use of gamification to enhance BPMN modeling education had
no relevant effect on the size of the student-produced diagrams, implying that it does
not cause students to make significant changes; it does, however, have a positive effect
on the number of attempts, computed as the number of correctness checks performed
by the students: by adopting gamification students were more willing to evaluate the
correctness of their produced diagrams. Other factors in the experiment’s design also
had an impact: one exercise required fewer elements to be done by the students, and
performing the gamified exercise as the second task made students perform fewer eval-
uations on their diagram compared to those who had it as the first exercise.

To answer RQ2, completeness scores have been computed for each saved student di-
agram as percentages: for syntactic correctness, the score was computed as the number
of syntax rules implemented in BIPMIN for which a diagram contained no violations
over the total number of syntax rules, while semantic correctness was computed as the
number of correctly modeled process parts, according to the predefined reference solu-
tions for the two exercises. Summary statistics for these two variables can be found in
Table 3.13, which lists them depending on the combination of exercise and treatment,
as well as over both exercises depending on whether gamification was used or not; for
the latter distribution of scores, a graphical representation is also included in Figure
3.13.

Table 3.13: Summary statistics for Correctness metrics

Exercise 1 Exercise 2 Total
V G V G V G

Syntactic (%) Min 40 43 62 50 40 43
Max 100 100 100 100.0 100 100
Mean (SD) 90.8 (11.0) 91.7 (10.5) 91.4 (9.01) 92.6 (10.9) 91.1 (10.0) 92.2 (10.7)
Median 92.0 93.5 92.0 100.0 92.0 97.0

Semantic (%) Min 0 0 0 0 0 0
Max 38 85 31 62 38 85
Mean 13.2 (11.8) 19.4 (17.2) 11.2 (8.8) 13.0 (10.4) 12.2 (10.5) 16.2 (14.6)
Median 15.0 15.0 8.0 15.0 8.0 15.0
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(a) Box and violin plot for the Syntactic correctness metric

(b) Box and violin plot for the Semantic correctness metric

Figure 3.13: Box and violin plots for RQ2 metrics

Regarding syntactic correctness, it can be seen that the scores are, on average, quite
similar between the use of gamification and its absence, implying that the basic imple-
mentation of the tool was able to represent an environment similar to the one students
were used to, and they were thus able to perform well on said aspects on both versions;
no differences can be seen when looking at the combinations of exercise and treatment
either, meaning that syntactic performance was similar between the two exercises: it is
an expected result, since the two exercises were selected with the assumption that they
offered a similar level of difficult and tested similar knowledge requirements, These high
scores can also be attributed to the fact that the experiment was performed at the end
of the course, and students were consequently more likely to have enough modeling
knowledge to avoid syntax errors.

Results related to semantic errors, instead, are slightly more diverse and, unfortu-
nately, do not paint an encouraging picture: the somewhat low mean scores mean that
many students performed sub-optimally for the expected preparation level at the end
of the course, and it can then be assumed that low performance may depend on the
selected exercise or on the effects of BIPMIN itself. The difference in scores between
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treatments shows that the gamified version obtained higher maximum scores, as well as
on average, implying that there could have been some benefits brought by gamification.

The results of the statistical analysis focused on RQ2 metrics are presented in Table
3.14: just like for RQ1, results are computed considering the treatment as the factor
under analysis and the exercise and order of treatment as possible confounding factors.
The analysis considers the non-gamified version as reference for the treatment, and the
second exercise and doing the second task with the gamified version as references for
the second factor.

Table 3.14: Results of the statistical analysis for RQ2 metrics: Syntactical and Semantic
Correctness

Factor / vars: Syntactic (𝐻𝑠𝑦𝑐0
) Semantic (𝐻𝑠𝑒𝑐0

)
coeff. p-value coeff. p-value

Treatment -0.5250 0.2480 -2.0180 0.0002
Exercise 0.3650 1.0000 -2.0980 2e-16
Order -1.7100 0.9800 -1.0250 0.3180

The statistical analysis on the treatment shows that, when applying gamification,
there is a very slight and non-statistically significant reduction in the syntactic correct-
ness, meaning that 𝐻𝑠𝑦𝑐0

cannot be rejected; conversely, the p-value obtained when
analyzing the semantic correctness is statistically significant, and 𝐻𝑠𝑒𝑐0

can thus be
rejected, and it can be said that gamification impacts the semantic correctness of the
produced diagrams and, since the negative value of the coefficient implies that the prob-
ability of having high semantic correctness is higher when applying gamification, as a
consequence, it can be assumed that it can help students better represent and model the
required constructs in their exercises.

With respect to confounding factors, no statistically significant difference is found
in relation to syntactic quality, strengthening the assumption that, by placing the ex-
periment at the end of the course, students had sufficient theoretical BPMN knowledge
to avoid making syntactic mistakes, and neither the similarly challenging exercises nor
moving from regular modeling to gamification-enhanced modeling (or vice-versa) im-
pacted their skill. A different result, however, can be found when analyzing results
accounting for the exercises: the second exercise yielded a negative coefficient com-
pared to the first and a statistically significant p-value; the first exercise may actually
have been slightly easier compared to the second, impacting the overall results. The
treatment order had no statistically significant impact on semantic correctness as well,
with a very minor reduction in correctness when moving from regular modeling to
gamified modeling compared to the opposite order.
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Figure 3.14: Distribution of the answers to the GAMEX questionnaire

Answer to RQ2: Syntactic correctness was not impacted by any of the factors com-
posing the experiment, due to it being placed at a moment in time when students had
sufficient BPMN modeling expertise. Applying gamification had a positive effect on
the semantic correctness; however, leading to more correct and complete diagrams in
comparison to regular modeling. Semantic correctness was also affected by the two
selected exercises, with one of them being easier to model than the other.

To answer RQ3 and RQ4, a post-study questionnaire was given to the participants,
aimed at collecting their opinions about the experience and how they had perceived
the gamified tool; out of the 200 participants, one of them did not answer, resulting in
a total of 199 answers gathered and analyzed.

To answer RQ3, the questionnaire included questions taken from the GAMEX ques-
tionnaire, with the sets of questions considered during the analysis being its six con-
structs; the distribution of answers can be seen in Figure 3.14.

Results do not appear to be particularly positive, with Activation being the con-
struct with the highest percentage of students having an overall positive opinion, and
said percentage being lower than one third of the participants, implying that BIPMIN
was perceived as somewhat stimulating. Other constructs yield responses that go to-
ward the neutral side, with between one-third and half of the participants having an
average neutral opinion for most of the constructs. It is particularly worth noting that
Creative Thinking obtained a total of 44% negative opinions: the implication is that stu-
dents did not feel that BIPMIN allowed them freedom of action and expression, and the
experience may have been limiting in some ways; another particularly negative result
has been obtained by the Absorption construct, for which 48% of the students had a
negative opinion. The construct focuses on how immersive a gamified experience is,

85



First Attempts at Gamifying Model-Based Engineering: The BIPMIN Tool

and a controlled laboratory experiment may not have been completely immersive; it is
possible that allowing students to use BIPMIN in a less constrained environment may
yield better results on the GAMEX aspects.

The only positive result obtained with these question is the distribution of opinions
related to the Possible Negative Effects group: with a total of 64% disagreeing opinions
it can be said that most students did not feel frustrated or upset when using the ap-
plication, and that gamified BPMN modeling can be thought of as a non-antagonizing
experience for students and, potentially, an engaging and fun one.

Answer to RQ3: The answers given to the GAMEX questionnaire show that the
students’ perception of the experience was more toward the neutral side, with most
GAMEX constructs receiving a distribution of positive opinions toward the neutral side.
The main positive results paint BIPMIN as a somewhat stimulating tool that is not frus-
trating or hostile for students, with room for improvement.

The remaining questions aimed at assessing whether the students had found the
experience enjoyable and potentially useful through questions focused on the game
mechanics and open questions asking for perceived issues and suggestions for improve-
ment. With regards to the questions about the game mechanics, each student’s opinion
was computed, similarly to what was done for the GAMEX constructs, as the mean
value of the answers given to the questions related to each of the four game mechanics.
The resulting distribution of opinions is presented in Figure 3.15.

Figure 3.15: Distribution of the average opinions related to the gamified mechanics’
three constructs (influence, perceived usefulness, appreciation)

The most immediate result is a ranking of the four mechanics by student appreci-
ation, with Feedback being the most appreciated, followed by Progress and Rewards,
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and Penalty being the least appreciated. It can be assumed that the students preferred
mechanics that were helpful toward understanding the overall correctness of their di-
agrams by either pointing out which were the correct elements or by giving a sort of
score, resulting in almost half the participants having a positive opinion of the Feedback
mechanism, and 40% of them appreciating the Progress indicator.

It is not surprising that the Penalty mechanic was the least appreciated, with 55%
of the students having a negative opinion about it, due to its implementation being tied
to representing a reduction in the grade; a possible cause of concern, however, is the
fact that penalties were reapplied after every check, and it was possible for students to
reduce their grade very quickly, with no way to raise it back up, which may have in-
creased even more the frustration aspect of penalization. Additionally, the grade could
get reduced all the way down to 0, resulting in possible discomfort and loss of mo-
tivation; the Penalty mechanic, in combination with the single reference solution for
each exercise, may have impacted some students’ opinions negatively by making them
believe their solution was incorrect and punishing them continuously.

Finally, and perhaps surprisingly, when thinking back on the results of the prelim-
inary assessment, the Rewards mechanic in the form of the jigsaw puzzle was ranked
third among the mechanics, with a somewhat balanced distribution of opinions (32%
positive opinions, 32% neutral, 36% negative), making it less appreciated in comparison
to how it was considered the best mechanic in the original test. A possible reason for
this disapproval may come from the fact that the points needed to purchase pieces of
the puzzle were tied to modeling the necessary parts in an acceptable way, and with a
single solution, not many students may have been able to do so.

Out of the 199 answers given to the open question related to the issues encoun-
tered during the experience, the open coding process revealed that 100 answers either
mentioned no issue or had no explanation; a similar procedure was performed on the
question asking for suggestions, where a total of 82 answers containing no comment
were removed. The resulting topics obtained with the open coding analysis have been
assigned to the various answers, and the counts of each tagged answer can be seen in
Figure 3.16a for the question about issues and in Figure 3.16b for the one about im-
provement areas.
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(a) Topics found in the issues reported by the students

(b) Topics found in the suggestions left by the students

Figure 3.16: Results of the open coding procedure performed on the students’ open
answers

The most common topic found among the issues relates to limitations of the way
BIPMIN was implemented for the experiment, such as the inability to save a BPMN
diagram (the implemented version only saved data related to the game mechanics) or
the problems that came from structuring the experiment as both in-person and online.
Other issues were related to how the feedback mechanic was implemented and, as a
consequence, with the way elements were checked for correctness matching; some is-
sues were also caused by the libraries used to implement the BPMN modeling canvas,
which showed some issues, such as the inability to resize elements, or rare bugs where a
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drawn diagram would disappear out of view and become impossible to retrieve. More-
over, a very small issue was found in the time constraints of the experiment, with three
students feeling the time allocated for each exercise was not sufficient for successful
completion: time limits were enforced only due to the experimental nature, and real
classroom use would not impose such constraints.

Topics found in the suggestions, instead, touch multiple details: the most common
one is a request to support multiple solutions and, in general, allow more variety in the
accepted ways to represent process parts, pointing to the single solution aspect being
the most obvious limitation of BIPMIN. A second common topic focuses on address-
ing and fixing some of the bugs that had emerged, as well as the issues discussed in
the preceding question, and several answers specifically suggested adding the ability
for students to save their diagrams. Other suggestions focused on changing the game
implementation, such as adding a hint system, reworking the implementation of the
Penalty mechanic to make it less strict, and expanding the feedback mechanism so that
it would also give explanations on why certain elements were considered correct.

Answer to RQ4: Students perceived the gamified experience favorably, and appreci-
ated most the game mechanics that were effective in guiding them toward drawing a
correct BPMNmodel. On the other hand, mechanics that depended on producing a cor-
rect solution were less appreciated due to the strict evaluation engine that was limited
to a single reference solution. The open questions reinforce this interpretation, as it
was the most common suggestion, and several issues derived from it.

3.4.5 Threats to validity
Threats to validity are discussed following the taxonomy introduced in Section 2.4 [128].

Threats to internal validity relate mostly to the experimental design being a
crossover study: the study was composed of two consecutive tasks, each with a given
time limit, implying the possible presence of fatigue effects on the students. Addition-
ally, executing two tasks in immediate sequence means that there could be possible car-
ryover effects by administering a treatment before the effects of a different treatment
have been completely received. The experiment design being a 2x2 factorial helps miti-
gate learning biases; despite that, having students perform the tasks using two different
versions of the same tool with one being enhanced means that there could be possible
learning effects impacting the results of the second tasks, as a consequence of the stu-
dents becoming familiar to the basic mechanics of the tool; the crossover design also
implies that the second task’s results may be impacted by learning and fatigue effects
[124].

Additionally, the two selected exercises pose another threat to the internal validity
of the results, since it cannot be assumed that exercises of different difficulty would lead
to comparable results. The two exercises were assumed to have a comparable level of
difficulty, but the results showed that one was, in practice, slightly easier.
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Lastly, the results obtained with the gamified version may also depend specifically
on the semantic feedback (in the form of highlighting correctly modeled process parts)
rather than on all implemented game mechanics; a comparison between the complete
tool and a modified version that only offers the feedback mechanism should be consid-
ered as a future activity to observe whether gamification is actually beneficial compared
to pure feedback mechanisms.

Threats to external validity concern the students who took part in the experi-
ment, since the experiment could have different results if used by students with dif-
ferent skill levels (e.g., at the beginning of a course rather than toward the end) or by
students of a different course with a different approach to teaching BPMN. Additionally,
the results cannot be generalized to a non-educational context, meaning that BIPMIN
may not be effective if adopted in an industrial modeling scenario, for example.

Threats to construct validity for this study are connected to the metrics selected
to answer RQ1 and RQ2, since other metrics may have been more suitable to represent
the intended constructs. Productivity may have also been measured with the time spent
for completing each exercise, since a time limit of 45 minutes per exercise was defined
as a study constraint, and students who were able to complete an exercise before said
limit could be said to be more productive. However, since spending less time does not
necessarily imply correctness, students could possibly try to finish exercises quickly to
end the study, and thus, time was not measured for the analysis.

For Correctness, instead, the criteria that were selected for the analysis may not have
been the most effective in actually measuring a diagram’s correctness. The evaluator
considered semantic correctness as the count of elements that satisfied predefined sets
of requirements, but it could have also been measured by checking for the presence or
absence of elements considered errors; additionally, the accepted elements with their
modeling constraints do not cover all possible alternative representations of the same
process part, for example, with the risk of some correct diagrams being considered
incorrect.

Threats to conclusion validity derive from the statistical analysis and the ex-
perimental design. The metrics were recorded automatically by the tool, so it can be
assumed that no human error impacted their collection for the analysis; additionally,
the statistical analysis was performed with nonparametric statistical tests that have no
prerequisites.

Furthermore, the participants were assigned randomly to one of the four groups,
with no preceding assessment of the BPMN modeling expertise of the participants,
meaning that the random allocation may have impacted the results of the analysis, and
a different allocation may have led to different results. The high number of participants
and the fact that the study was conducted at the end of the course, when students could
be assumed to have a reasonably similar BPMN modeling skill level, means that this
threat can be considered improbable, although not completely dismissible.
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3.5 Key findings and lessons learned
The empirical study performed with the improved version of BIPMIN aimed at inves-
tigating whether adding gamification elements to a BPMN modeling application could
have potential benefits in terms of influencing students’ performance and engagement
with the discipline. The results were somewhat mixed, identifying some positive effects
as well as potentially critical issues to address before deploying the application to a real
classroom environment.

The first point of interest observed was the impact on student performance, mea-
sured by observing the size of the saved diagrams and the number of times students
submitted their diagrams for grading to the automated evaluation engine: while size
was not impacted in any way by the use of gamification, it emerged that students were
more willing to perform evaluations when using the gamified version, as that version
tied game mechanics to the results of the automated checks. It can be deduced that,
while gamification does not cause significant changes in the students’ modeling habits,
such as adding or removing multiple elements, it can be beneficial by guiding them
toward checking more frequently whether their solutions are correct or not.

Furthermore, to measure the potential positive effects of BIPMIN, diagram correct-
ness was measured as both syntactic and semantic. The former was not impacted by
gamification, as scores were, on average, high among both the gamified tool and its
non-gamified counterpart: this is due to the experiment being placed at the end of the
course, with students having a sufficient level of knowledge to handle advanced BPMN
modeling rules. The experimental design was also not suitable to assess BIPMIN’s ef-
fects on learning BPMN modeling, but rather was intended to observe gamification’s
impact on diagram quality and student performance; learning effects could only be ob-
served through a longitudinal use of the tool, leading to the redesign of the tool and the
long-term study described in Chapter 5.

Semantic correctness, instead, benefited from the adoption of gamification, as it
increased significantly compared to non-gamified modeling: this is undoubtedly the
most important and encouraging result achieved with the experiment, as it proves that
gamification of model education can be effective and, thus, should be explored more.
The cause behind this positive result can probably be attributed to the implemented
game mechanics and their interaction with the inner evaluation engine: by having a
dedicatedway to express feedback for successfulmodeling actions and by offering away
for students to gauge how close they are to successful completion, BIPMIN managed to
enhance the way in which exercise-specific constraints were represented: furthermore,
these mechanics were the most appreciated ones, implying that detailed correctness
feedback and indicators were strong mechanics on which further development would
have to focus on.

However, the overall perception of the experiment was not completely positive due
to inherent issues in the implementation: first of all, while the evaluation engine had
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been improved to allow for semantic checks on the content of the diagrams under eval-
uation, and measures for variety in the allowed solutions had been added, the reference
solution was still a single one, with almost no variability included in the possible pro-
cess parts. This resulted in several scenarios where students had produced a diagram
that was, to the human eye, equivalent to the expected one, but that was not consid-
ered correct by the automated evaluator; in turn, this meant continuous penalization
and difficulty in obtaining points, resulting in two game mechanics (Rewards, Penalty)
not being appreciated as much as the other two.

The post-experiment questionnaire also highlighted the issue in the implementa-
tion: not only were most of the issues and suggestions related to the evaluation engine
and its limits, but answers to the GAMEX questionnaire were on the more neutral side,
presenting BIPMIN as a tool that is somewhat fun and engaging, but is not immersive
and does not allow complete freedom of action and creativity. An encouraging point
that emerged from the GAMEX answers, at least, is the fact that it is not perceived as a
frustrating and antagonizing experience, meaning that there could be potential benefits
by adopting it after improvements.

Summary of the BIPMIN empirical study

The empirical study on BIPMIN showed that gamification can have some posi-
tive effects on the students’ modeling habits, by encouraging them to evaluate
their diagrams more and increasing the semantic correctness of their diagrams.
However, the experience was not completely well-received due to the strictness
of the automated evaluator, as well as the implementation of some mechanics
that could have been improved.
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Chapter 4

A new gamification framework and
its implementation: the UMLegend
tool

The findings described in the previous chapter highlighted the positive impact gamifi-
cation can have on student performance, albeit with relevant limitations such as a rigid
evaluation engine, which led to frustration and unfavorable reception of some game
mechanics, and the inability to properly evaluate long-term mechanics defined in the
original prototype, such as leaderboards and experience points. A new research activity
started after the empirical experiment aimed at addressing the existing limitations and
generalize the tool to be suitable for other modeling topics: the end goal was to design
a new gamified framework starting from what was implemented in BIPMIN to support
both exercise activities and long-term use; the new framework would then be used to
lead the development of tools that could support different modeling notations, with the
goal of merging all tools in a complete educational platform for software modeling.

This chapter describes the design of the new framework and its application in the
development of a tool named UMLegend, a web platform developed from spring 2023
for gamifying UML class diagram modeling; furthermore, the chapter also discusses
the empirical experiment that was performed to evaluate UMLegend’s impact on stu-
dent performance, as well as how a tool implemented according to the new framework
would be perceived compared to the original BIPMIN implementation of certain game
mechanics. The UMLegend tool was first presented in [22], while the empirical ex-
periment and its results were described in both [58] and [57]; a Docker container to
allow replicating the functionalities of the tool used during the experiment has been
published online1.

1https://hub.docker.com/r/giacomogaraccione/umlegend_replication
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4.1 Background and Motivation
One of the main research goals, following the empirical experiment, was to develop a
generalized gamified platform for software modeling disciplines; thus, other relevant
notations were considered for analysis as part of the development effort, among them,
the Unified Modeling Language (UML) was selected as the set of target notations. UML
offers many diagram types, which can be used in different steps of the software engi-
neering process, such as requirements definition, system and architecture design, use
case specification, and activity sequencing.

Class diagrams were selected as the main type of diagram acting as the focus of
the research activity, due to their diffusion as an effective instrument for requirements
engineering and object-oriented development; a general description of the notation and
its key components was introduced back in Section 2.1.

As discussed back in Section 2.2.2, examples of gamification and serious games being
used to support UML class diagram education are more common compared to BPMN,
and this required the identification of gaps in the literature before starting the design
of the new framework. For this purpose, a mapping review was performed in spring
2023 to identify relevant sources; the mapping was performed as a quasi-systematic
literature research using the Google Scholar library, using gamif* class diagram as the
search string, following the guidelines by Garousi et al. [59] for conducting literature
reviews: exclusion criteria were defined systematically, the goal was stated as identi-
fying sources in the literature describing gamified tools and serious games for UML class
diagram education, and the stopping criterion adopted was an effort-bounded one.

All papers that resulted with the string were collected and their title, abstract, and
keywords read to determine whether they could be considered a valid source: papers
were excluded if they did not explicitly cover class diagrams, if they did not apply gam-
ification or were not describing a serious game, if they were written in a non-English
language, and if they were not white literature papers but rather theses, preprints, or
non-peer reviewed papers. The search processwas performed until a full page of Google
Scholar results contained only papers that satisfied at least one of the exclusion criteria
mentioned above, resulting in 10 consecutive rejected papers.

The search analyzed a total of 80 papers, 16 of which described either a gamified
tool or a serious game, with one preprint, resulting in a total of 15 sources; this set of
papers was then extended with 7 additional papers that were found separately from the
search but were considered relevant for the literature analysis. The tools and serious
games identified by the mapping are described in Section 2.2.2, together with the result
of the analysis conducted on them.

The literature analysis showed that existing gamified solutions for class diagram ed-
ucation are not common, and the existing ones offer static exercise-solving capabilities,
where students can only choose alternatives out of a predefined set of options, reinforc-
ing the need for a solution similar to BIPMIN that could let students freely draw their
intended solutions. Furthermore, most solutions highlight the importance of mechanics
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such as level progression, unlockable rewards, leaderboards, and feedback.
Furthermore, another limitation that emerged after the experiment related to the

evaluation engine, whose implementation was too strict and reliant on a single refer-
ence solution with multiple elements needing to be correct at the same time to have
a valid solution; with the decision to explore gamification of UML class diagrams as
the next research step, an exploration of the existing research literature was performed
in parallel to the gamification-focused analysis to define development decisions that
would guide the design of the new tool.

Following the results of the experiment and the literature analysis, it became clear
that a new tool for UML diagrams would have to be completely reorganized in terms of
how the game mechanics interact with the automated evaluation engine: the fact that
both experiments were conducted over a single session meant that mechanics focused
on long-term usage were less appreciated; the empirical experiment tried to mitigate
this dependency by selecting only mechanics that were intended to work in the context
of a single exercise, resulting in a single section of the interface containing all game el-
ements, possibly making it harder to distinguish them and reducing their appreciation.
Participants in the preliminary evaluation also mentioned that they would have pre-
ferred to experience mechanics such as avatars and leaderboards over longer periods
of use, supporting the need to distinguish mechanics that depend on a single exercise
(exercise-specific) and those that impact the students’ experience (long-term) over time.

Once the two categories of game mechanics had been identified, the subsequent
design step was to assess which of the mechanics would have to be kept, considering
the set of mechanics implemented in the original prototype version, together with the
ones selected for the empirical study. Avatars and leaderboards were selected as long-
term mechanics to keep, due to their appreciation in the preliminary study, with levels
and experience points also being kept and considered for long-term motivation, since
most works in the literature considered them to be an effective mechanic.

Concerning the exercise-specificmechanics, instead, the empirical experiment showed
that the most appreciated mechanics were those that students could use to understand
the correct elements of their solution and how close they were to completion (diagram
feedback and the progress indicator): it was thus decided to redesign the mechanics
connected to the modeling interface itself so that they could provide additional feed-
back by depending directly on the results of an automated evaluation.

4.2 Tool Description and Features
The design choices made following the experiment and the literature analysis guided
the development of UMLegend, which was implemented starting from a Master Thesis
as a web application intended for long-term modeling use. As a consequence, the tool
had to be implemented in a way that would allow students to perform multiple exer-
cises and see their overall progression, and support for teachers would also be needed
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for features such as creating new exercises with their intended solution, creating stu-
dent accounts, or viewing statistics related to the students’ performance; creation fea-
tures were not implemented in the BIPMIN version used for the study, since exercises,
solutions, and accounts were hard-coded in the tool, which made the implementation
unfeasible if the end goal was long-term usage.

This led to the development of separate client interfaces depending on the type
of user account: Teacher accounts had access to a dashboard where they could create
exercises by specifying description, difficulty level, experience reward, and reference
solution through a form where expected classes, attributes, and associations could be
expressed; student account creation was also supported, together with a dedicated sec-
tion where saved exercise data could be seen and downloaded with the saved diagrams.

Student accounts, instead, could see the list of available exercises, a personal page
for their profile, and a modeling page for each exercise. Modeling functionalities were
achieved through the open-source Apollon library [76], which offers an easy to use
modeling canvas through a drag-and-drop functionality, with UML constructs being
shown on the right side of the canvas and easy editing and connecting of elements,
as can be seen in Figure 4.1; the library also supports export capabilities in SVG or
PDF format, and expresses a diagram’s source code using the JSON format for easy
readability.

Figure 4.1: Base modeler of the UMLegend tool

4.2.1 Gamified Mechanics
Asmentioned at the end of Section 4.1, the gamemechanicswere redesigned by dividing
them into two categories: exercise-specific mechanics that depend on a student’s action
and impact how they perceive the modeling assignment, and long-term mechanics that
define a user’s progression and depend on the performance over multiple exercises.
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Three long-termmechanics were selected for development inside UMLegend: levels
and experience points, avatar customization, and leaderboards. These mechanics were
selected since they represent a student’s growing skill in modeling over time and help
maintain engagement beyond usage for a single exercise.

Levels and Experience points were used to implement the primary progression
system of students, who gain experience by completing an exercise when they reach
a sufficient completeness score in an exercise, with the possibility to obtain additional
bonuses in case of good performance such as attempting an exercise with a higher
level, requiring a low number of checks to complete an exercise, or reaching a higher
score than the minimum completion threshold. This mechanic was already present in
the original prototype, where it was paired with leaderboards, and it was decided to
implement it as a long-term mechanic to have a clear indicator of skill growth, in line
with existing studies that used it in a similar way.

Avatars were one of the most appreciated mechanics in terms of enjoyment when
the preliminary study was conducted, warranting their inclusion in the new tool; they
showed, however, a comparatively lower score in terms of motivational impact, per-
haps due to the fact that all available avatars were obtainable from the beginning, with
no additional unlockable avatars being provided as a reward for good performance. For
this reason, avatars were tied to level progression, making sure that leveling up served a
purpose beyond showing the students’ growing skill level; furthermore, the implemen-
tation itself was reworked: rather than a set of static avatars, the UMLegend tool used
an external library to render human avatars with a wide range of customizable options
such as clothing, hair, facial hair, accessories, and coloring, with most options being
unlocked by leveling up. Avatar customization was added to UMLegend so that stu-
dents could personalize their experience and express their individuality, starting from
a randomly generated avatar whose look can be refined, and with rarer avatar props
being obtainable only at higher levels to introduce a degree of challenge.

Leaderboards act as the last long-termmechanic, since theywere another underap-
preciated mechanic in the preliminary study, but with potential for long-term use. The
addition of a customizable avatar system also tied better with the concept of leader-
boards, since students could see the look of their peers and feel motivated to compete
more by seeing what props could be obtained at different levels. Two leaderboard types
were defined as a way for students to see their ranking: one global leaderboard that
would order students according to their level first and by experience points after, and a
second type of leaderboard, in place for each exercise and using the correctness score
as the ranking.

Exercise-specific mechanics, instead, were selected as a way to enhance the actual
modeling activity, with guiding students toward learning correct modeling practices as
the main focus behind their selection and design. Certain of these mechanics are new
ones, compared to both the preliminary prototype and the empirical experiment, while
others have been retained and changed according to the experiment’s results. These
mechanics interact directly with the student, since they depend on the results of an
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automated evaluation, andmodify both the tool interface and themodeling canvas itself
as a consequence of good or bad performance; exercise-specific mechanics are avatar
feedback, indicators, error lists, diagram feedback, and the in-exercise leaderboard.

Avatar Feedback is a new mechanic that was selected as a consequence of the re-
worked avatar system: the intention behind using human avatars was to have a stand-in
for the student themselves, which they could use to see themselves in the leaderboard,
and the association between students and their avatars was taken one step further by
placing the avatar directly in the exercise page where they could react to the modeling
choices and the corresponding evaluation. A student’s avatar changes its expression
the more errors are made, and the obtainable experience is reduced, starting from a
smiling expression and becoming sadder over time, the more this value falls; this imple-
mentation adds a negative motivator to discourage students from performing multiple
evaluations with no significant difference, guiding them toward making careful and cal-
culated changes. An example of how the avatar looks when the obtainable experience
points are low because of multiple mistakes is shown in Figure 4.2(1).

Indicators were already implemented in the prototype version, and an indica-
tor showing the completeness percentage was well-received in the empirical experi-
ment, confirming the potential effectiveness of this mechanic. The revised gamification
framework, and the subsequent UMLegend tool implementation, kept the logic behind
the indicator used in the experiment, that is, a progress bar that shows the current
completeness score, computed after every evaluation as the count of matching diagram
elements over the total number of elements in the reference solution, providing a way
to assess the distance to exercise completion (which was set to be 75% of reference el-
ements having a match in the diagram). Furthermore, a second indicator was added as
a way to track the overall exercise status by showing the available experience points
that are awarded for successfully completing an exercise, with the maximum value be-
ing set by the teacher when an exercise is created. Mistakes cause a reduction of this
value depending on the severity of the error, such as not including a relevant class,
which is considered a medium-level mistake, or correctly representing a class but with-
out one attribute, a low-level error. To reduce frustration, following the results of the
experiment where the penalty mechanism was severely underappreciated and arguably
affected the overall perception of BIPMIN, two safeguard mechanisms have been intro-
duced to assist experience management: first of all, the obtainable experience is set to
never fall below 35% of the maximum value, to ensure at least a minimum reward is
given; additionally, performing an evaluation and correcting errors that were found in
the preceding one increases the experience score by the same amount that was deducted
with the original mistake. Indicators can be seen in Figure 4.2(2).

Error Lists were added as a consequence of how the feedback was implemented in
BIPMIN for the experiment: seeing the appreciation for the mechanic, it was decided to
keep both the recap window listing the missing process parts and the diagram coloring
by expanding them into two separate mechanics. Error lists were added as a way to
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provide feedback to students by telling them which mistakes were found by the evalu-
ator following a check, giving them a way to assess the diagram and correct mistakes.
Three separate lists were added to UMLegend, for syntax errors, semantic errors, and
pragmatic warnings respectively, with each list having a specific color; the lists have
been implemented as buttons that, when clicked, expand to display all error messages,
with messages related to a specific element including its name for easy referencing;
Figure 4.2(3) shows the three lists.

Diagram Feedback was, consequently, revised as well following the rework of
errors lists with the same color coding: elements that have a syntax error are colored in
orange, semantic errors cause elements to become red, while warnings turn an element
blue, providing an obvious way to understand which elements need to be corrected, and
correcting an error restores the impacted element to the default coloring. The diagram
that appears in Figure 4.2(4) shows what the mechanic looks like in practice, with a
wrong association and two wrong attributes.

The In-exercise Leaderboard consists of the ranking based on exercise correctness
and can be accessed via the exercise menu opened by clicking on the button shown in
Figure 4.2(5), allowing students to check their standing in real-time, since each evalua-
tion updates the score, rewarding good modeling choices if a high position is reached.

Figure 4.2: Exercise page of the tool showing: 1) Student Avatar, 2) Indicators, 3) Error
Lists, 4) Diagram Feedback, 5) Exercise Menu

4.2.2 Evaluation Engine
A second consequence of the empirical experiment, following the revision of all game
mechanics, was the decision to reassess the implementation of the evaluation engine,
with the end goal of identifying a set of rules, criteria, and practices independent from a
specific modeling language, resulting in an evaluation approach that could be replicated
in multiple software engineering disciplines.
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The development of the new evaluator had to address three main concerns that had
emerged from the experiment:

1. The original evaluator was excessively strict in multiple ways: the presence of a
single solution, for example, would risk students having to guess the correct ele-
ments to include in their diagrams; additionally, correctness conditions kept into
account neighboring elements, essentially forcing students to identify the correct
names and types for all intended elements in order to succeed. The first necessary
change for the new evaluator was to allow multiple solutions and multiple syn-
onyms, increasing flexibility, and, most importantly, the removal of dependencies
between elements as a condition for matching elements, making it a separate type
of error.

2. The feedback mechanism was among the most appreciated, but its implementa-
tion could still be improved: the original version would only show the correct
elements, resulting in many scenarios where students saw no change in their
diagram but still got penalized, and could not understand what their mistakes
were. As a consequence, the new evaluator would need to identify errors beyond
the absence of necessary elements, with a way to communicate them tied to the
gamified feedback mechanism.

3. Lastly, while the BIPMIN tool employed a distinction between syntactic and se-
mantic errors, the corresponding feedback was kept separate, forcing students to
address their syntax errors before the actual assessment, and with little explana-
tions for why certain modeling choices were considered mistakes, resulting in a
limiting and unexplained experience. It was decided to keep syntax and semantic
errors separate and, at the same time, to expand the range of errors and feedback
to ensure students could understand not only which elements had errors but the
specific type and the actions needed to fix them as well; furthermore, the syn-
tactic and semantic evaluation processes became sequential, with no reliance on
passing the syntax check before element matching could be performed, to ensure
complete feedback in a single evaluation step.

After identifying the necessary changes needed to implement the new evaluation
engine, the subsequent step was to define a way to express the necessary requirements
in an adequate data structure, as well as to implement a dedicated teacher interface for
the creation of a reference structure compatible with said structure.

The data structure needed to implement the reference solution was defined by fol-
lowing an approach similar to how a human evaluator would assess a diagram: a hu-
man knows which are the necessary concepts that have to be represented in the dia-
gram as classes (and their importance), knows the attributes each class can have with
the allowed types and whether these attributes can also be a separate class, knows
the associations between classes and the allowed multiplicity values in the pair, knows
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which relationships have more details such as inheritance between classes or associ-
ation classes, and knows which classes, attributes, and associations between existing
classes cannot be included. All this information was then converted into a data struc-
ture that can be easily expressed as a JSON file, allowing for easy importing, exporting,
and editing, as well as creation and management through a web application; Table 4.1
summarizes the attributes of said data structure.

Table 4.1: Properties of the reference solution schema.

Element type Required properties

Class Canonical name; list of synonyms; weight (strong
= mandatory, weak = optional); list of disallowed
attribute names.

Attribute Canonical name; list of synonyms; list of allowed
types; flag indicating whether the concept may al-
ternatively be modeled as a separate class.

Association Canonical name; list of synonyms; source and des-
tination class names; list of admissible multiplicity
pairs.

Intermediate class Name of the bridging class; names of the two classes
it connects.

Generalisation Parent class name; list of child class names.
Forbidden class name Names that should not appear as class labels (e.g.,

application-level concepts extraneous to the do-
main).

Forbidden association name Association labels that are disallowed (e.g., bare in-
finitive verbs).

Forbidden pair Pairs of class names that must not be directly con-
nected.

A reference solution can be created by a teacher using the dedicated section in the
UMLegend tool, where it is possible to either draw a class diagram on the modeling can-
vas and create the corresponding data structure or to use a formwhere each element can
be specified with all parameters. The process for creating a reference solution requires
analytical skills and is composed of multiple steps: first of all, a textual description of
a real-world application domain needs to be written, to identify the relevant concepts,
with their attributes and relationships; then, the teacher should draw a tentative refer-
ence solution starting from the description, and in case multiple teachers are involved
they should prepare a similar draft. All teachers involved can then compare all drafts
and converge into at least one canonical solution, considering also synonyms for named
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elements, and one of them enters it in the tool using either the canvas or the form; if
teachers agree that multiple reference solutions are valid, then those are included as
well.

This procedure is an activity that, depending on a given exercise’s complexity, can
grow to become time-consuming: a reasonable estimation is that, given a medium level
exercise with around 30 to 45 total necessary elements, approximately one hour of work
is needed per teacher, and in case multiple points of view are involved, at least one
hour and a half of synchronization are needed, while entering the final solution is a
relatively fast activity that takes less than 30 minutes, resulting in an average time of 3
hours needed to create complex exercises. While the time needed may make exercise
creation seem like a tedious activity, it is a necessary investment, since the quality of the
reference solution directly impacts the evaluation engine’s ability to support automated
feedback and, consequently, gamified learning.

Following the definition of the necessary data structure to implement reference so-
lutions, the subsequent step was the definition of a new evaluation algorithm, keeping
in mind the lessons learned from the empirical study. It was decided to divide the eval-
uation procedure into three steps: a first pass to evaluate the syntactic correctness of a
diagram, to ensure that basic structural rules were followed; then, a semantic analysis
focused on locating elements that match those described in the reference solution, to
measure how well a student has represented the intended domain; a third assessment
concludes the process, looking for elements and modeling choices that are not grave
enough to be considered errors but still warrant a warning.

The syntax evaluation analyzes all elements (classes, attributes, associations, in-
termediate classes) independently from the reference solution and assigns an error for
each constraint that is violated (e.g., having no name or a duplicate name, using the
wrong type for an attribute, not having multiplicity values or using an incorrect syntax
for writing multiplicity values), making it possible for an element to have multiple er-
rors and associated error messages in the feedback list; the sequence of steps, with the
criteria evaluated for each type of element, are presented in Figure 4.3. In case elements
are found to have no name, the procedure assigns them a placeholder name to ensure
subsequent steps that rely on naming can be performed.

The semantic evaluation compares the student diagram against the reference solu-
tion, first looking for matches between reference elements and diagram elements ac-
cording to their names: this is done by computing the normalized Levenshtein distance
between the diagram element’s name and each reference element of the same type and
its synonyms. A match is found if the distance between a diagram element’s name and
a reference name (or one synonym) is at most 0.25, with the threshold being defined
as such to tolerate writing errors and grammar mistakes. Elements that were found to
have no name in the first step and thus received a placeholder name are not considered
for evaluation in this step, to avoid assigning multiple errors to the same element. After
matches are found, subsequent assessments are performed on the matched elements to
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Figure 4.3: Syntax evaluation algorithm

ensure domain details are also covered (e.g., attribute types, multiplicity values, associ-
ation names), ensuring complete guidance for students; Figure 4.4 shows the steps that
compose the algorithm for semantic evaluation.

The third step is used to identify minor modelingmistakes whose gravity is not high
enough to consider them errors, but still count as design choices that can be improved;
these mistakes are defined according to the pragmatic quality rules defined by Bolloju
and Leung [14], and are reported to highlight issues that should be addressed but do not
impact the completeness of the diagram. Figure 4.5 summarizes the pragmatic evalua-
tion procedure applied at the end of each diagram check.

4.3 Empirical Experiment with the Tool
The development of UMLegend according to the new gamification framework was fi-
nalized in Autumn 2023, making it necessary to conduct a study to evaluate its effec-
tiveness. Following the lessons learned from the BIPMIN experiment, it was decided to
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Figure 4.4: Semantic evaluation algorithm

Figure 4.5: Pragmatic evaluation algorithm
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employ the tool in a single session first, to assess the effectiveness of the game mechan-
ics on motivating the students and the tool’s impact on learning performance, as well
as to gather feedback before using the tool for the duration of a course. The experiment
was conducted in January 2024 and followed a similar design to the one performed for
evaluating BIPMIN: as such, the Goal-Question-Metric (GQM) template was adopted
once again, expressing the purpose of the study as assess the impact of gamification on
the production of UML class diagrams and their correctness from the point of view of Soft-
ware Engineering teachers in the context of university courses, with Table 4.2 summarizing
the experiment according to the template.

Table 4.2: GQM template for the empirical experiment with UMLegend

Object of Study Learning of UML Modeling
Purpose Compare the traditional and gamified approach
Focus Productivity, Correctness, Student Reception
Context Modeling tools
Perspective Software engineering teachers

4.3.1 Study Design and Participants
In the same vein as the 2023 experiment, participants were selected through conve-
nience sampling among the students enrolled in the course Sistemi Informativi Azien-
dali, offered as part of the Masters’ Degree in Management Engineering, during the
2023-2024 academic year; participation was rewarded with 2 additional points on the
exam grade, with assurance that participation was optional and that there would have
been no consequences for not participating, or for participating in a suboptimal way. A
total of 280 students took part in the study, split into 117 female students and 163 male
students.

Contrary to the study performed in 2023, the experiment was conducted completely
in person at the end of the course, ensuring students had a sufficient level of modeling
skill to perform adequately in the tasks; the UMLegend tool was deployed as a web
application that students could access with their personal devices for the duration of
the study.

Another similarity with the 2023 study was in the design of the experiment itself:
the goal was to evaluate the differences between gamified and non-gamified UML class
diagram modeling, and thus the within-subjects design was selected again. To allow
for this comparison, a modified version of UMLegend was used for the study: while
the long-term mechanics were kept in place for the entire study, the ability to mark
exercises as non-gamified was added to the tool, and exercises marked as such offered
no in-exercise mechanics and a less detailed feedback (e.g., a generic message stating
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Table 4.3: Experiment Design for the 2024 UMLegend study

Task 1 Task 2
Exercise Tool Exercise Tool

Group 1 Exercise 1 Vanilla Exercise 2 Gamified
Group 2 Exercise 1 Gamified Exercise 2 Vanilla
Group 3 Exercise 2 Vanilla Exercise 1 Gamified
Group 4 Exercise 2 Gamified Exercise 1 Vanilla

that some classes were missing would be used rather than a separate message for each
missing class).

The design was then set up to have students perform two exercises as tasks, solving
one with the regular version and one with the non-gamified environment: the same
2x2 full factorial crossover design adopted for the original experiment was used in this
scenario as well, keeping inmind the order of exercise and treatment as another variable
and resulting in four possible combinations, which are presented in Table 4.3. Group
assignment was random, resulting in four groups of 70 students.

The two exercises were selected among the ones offered as part of course exams
held in past years and consisted of textual descriptions of real-life scenarios where a
software application was to be implemented, requiring the design of a class diagram
to support development. The exercises were estimated to have an average level of dif-
ficulty, ensuring that students close to the end of the course had a sufficient level of
preparation to solve each of them in the allocated time window of 45 minutes.

After completing the two tasks, participants were asked to answer a questionnaire
to measure their perception of the experience and of the game mechanics, as well as to
gather opinions and feedback for improving the application.

4.3.2 Research Questions and Metrics
The following research questions were formulated to guide the experiment design:

• RQ1: Does gamification improve the students’ Productivity in modeling UML
class diagrams compared to non-gamified UML modeling?
The reasoning behind this question is that gamification could provide a more en-
gaging environment, leading students to make more changes in their diagrams and
have them evaluated more frequently.
This question is further refined into:

– RQ1.1: Does the application of gamification impact the Size of the diagrams
made by the students?
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– RQ1.2: Does the application of gamification impact the Attempts made by
students?

• RQ2: Does gamification improve the Correctness of the diagrams modeled by the
students compared to non-gamified UML modeling?
It is assumed that gamification could improve student performance by increasing
diagram completeness and reducing the errors made by the students.
This question is further refined into:

– RQ2.1: Does the application of gamification impact the Completeness of the
diagrams produced by the students?

– RQ2.2: Does the application of gamification impact the Errors found in the
diagrams produced by the students?

• RQ3: What is the students’ Perception of gamified UML modeling?
The rationale behind this question is that gamification is positively perceived by the
students with more involvement and willingness to adopt it.
This question is further refined into:

– RQ3.1: What is the perceived usability of the gamified UMLmodeling tool?

– RQ3.2: What is the appreciation of the gamified characteristics and me-
chanics in the gamified UML modeling tool?

– RQ3.3: What are the issues and improvement areas for the gamified UML
modeling tool?

Due to the experiment design remaining unchanged from the 2023 experiment, in-
dependent variables observed for analysis in the new study remained the same: the
Treatment, that is, the use of the gamified or non-gamified modeler, remained the main
independent variable under scrutiny, while other independent variables considered as
possible confounding factors were the Exercise used as task and the Group to which
participants were assigned.

Independent variables were considered for research questions RQ1 and RQ2, since
they dealt with data that could be analyzed with statistical methods, while metrics re-
lated to RQ3 were connected with the final questionnaire and were analyzed with a
qualitative approach. The collection of dependent variables was performed automat-
ically with the tool: each evaluation launched by a student would record the current
diagram and the state of game mechanics, with both the regular version and the non-
gamified one.

To answer RQ1, two dependent variables were considered: first, the Size of sub-
mitted diagrams, computed as the count of classes, attributes, and associations, was
recorded, with the assumption that adopting gamification would lead to significant
changes in the number of elements present in a student’s diagram, with the size of the
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reference solution adopted for the study as the target value. The second variable consid-
ered was the number of Attemptsversions, that is, the number of evaluations launched
by a student during each task; this metric was collected for both the Vanilla and Gam-
ified versions, and was measured with the assumption that using gamification would
lead students to perform more evaluations for their exercises. In the Vanilla version,
changes in the obtainable experience points and in the diagram completeness score, as
well as the count of errors, are still computed internally and stored despite not being
shown to students.

The dependent variables selected to answer RQ2 were split according to the refined
sub-questions: for RQ2.1, theCompleteness of diagramswas considered, with the reason
being that adopting gamification would guide students to make significant improve-
ment, and thus increase this metric; for RQ2.2, instead, three metrics were computed
as the count of syntactic and semantic errors, as well as pragmatic warnings obtained
with the final submitted diagram, with the assumption that gamification would have a
positive effect and lead to a decrease in such counts.

The final questionnaire consisted of multiple sets of questions, with each set be-
ing focused on a specific sub-question. To answer RQ3.1, which aimed at assessing
the overall student perception of the gamified experience, questions taken from the
Technology Acceptance Model (TAM) [30, 80] and GAMEX [42] questionnaires, both
introduced in Section 2.4, were used, measuring the four TAM constructs and the six
GAMEX dimensions using a Likert scale going from a score of 1 (Strongly Disagree) to
5 (Strongly Agree).

To answer RQ3.2, a specific set of questions was created, centered around each of
the implemented game mechanics: the same five questions were repeated for each me-
chanic, assessing the students’ opinions about its perceived usefulness, influence in
using the application, satisfaction, motivating effect, and distracting effect. Answers
to these questions were expressed with the same Likert scale format used for the TAM
and GAMEX.

Lastly, two open questionswere included to answer RQ3.3, which students could use
to report issues encountered during the study and to leave suggestions for improving
the tool.

4.3.3 Analysis Method
To answer the sub-questions derived from RQ1 and RQ2, the following null hypotheses
were formulated:

• 𝐻𝑠0
: The application of gamification has no statistically significant impact on the

size of the diagrams produced by the students

• 𝐻𝑎𝑠0
: The application of gamification has no statistically significant impact on

the number of attempts (diagram evaluations) made by the students
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• 𝐻𝑝𝑟0
: The application of gamification has no statistically significant impact on

the completeness of the diagrams produced by the students

• 𝐻𝑠𝑦𝑛0
: The application of gamification has no statistically significant impact on

the number of syntax errors made by students

• 𝐻𝑠𝑒𝑚0
: The application of gamification has no statistically significant impact on

the number of semantic errors made by students

• 𝐻𝑝𝑟𝑎𝑔0
: The application of gamification has no statistically significant impact on

the number of pragmatic warnings raised by students

The statistical method adopted was, according to the standard practice for conduct-
ing full factorial crossover experiments [124], a repeated measures linear mixed model
(ANOVA), comparing eachmetric separately depending on the treatment, with the exer-
cise and the group assignment being considered confounding factors that could threaten
the validity of the results.

Furthermore, the significance level was adjusted with the application of Bonferroni
correction to account for multiple comparisons and to counteract the risk of multiple
statistical tests increasing the chance of false positives; given a total of six statistical
tests being conducted in the analysis, the p-value threshold was adjusted, with 𝛼𝐶 =
𝛼/𝑛 = 0.0083 being needed to imply statistical significance.

RQ3 was evaluated with a questionnaire whose answers could not be analyzed with
statistical hypothesis testing; as a consequence, descriptive statistics were used to an-
swer RQ3.1 and RQ3.2. The approach used was to compute, for each group of questions
related to the same topic (e.g., Perceived Usefulness for the TAM, Enjoyment for the
GAMEX, or a given game mechanic), the average score, rounded down, given by each
student as the representation of said student’s opinion. The distribution of opinionswas
then reported with stacked diverging bar charts to rank each questionnaire’s constructs
and measure the overall perception.

RQ3.3, instead, was analyzed using open-ended questions and, as such, a similar pro-
cedure as the one used for the BIPMIN study was performed, adopting the open coding
approach defined by the Straussian Grounded Theory approach (see Section 2.4) [118],
building a set of topics across three analytical phases: identifying the most compatible
topics out of the existing set for all answers, reviewing the answers to identify more
suitable topics, then reviewing answers to identify those with more than one suitable
topic.

4.3.4 Results
The summary statistics for RQ1-related metrics, that is, the size of the final saved dia-
gram and the number of checks performed for each exercise, are reported in Table 4.4.
These statistics (minimum, maximum, mean, median, standard deviations) have been
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computed separately depending on the treatment, and Figure 4.6 shows a combined box
and violin plot that represents their distribution.

Table 4.4: Maximum, Minimum, Average, and Median scores for Productivity metrics

Min Max Mean (SD) Median

Size (V) 9 64 34.61 (9.09) 33
Size (G) 3 69 34.18 (9.40) 32
Attempts (V) 0 35 5.68 (5.00) 3
Attempts (G) 1 43 6.66 (7.16) 4

(a) Box and violin plot for the Size metric

(b) Box and violin plot for the Attempts metric

Figure 4.6: Box and violin plots for RQ1 metrics

With regards to the Size mechanic, the plot shows that the distribution is more
or less equal, with the mean value being slightly higher for the non-gamified version,
implying that students produce less dense diagrams when using gamification. Attempts
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achieved a different result, with a higher number of checks being performed on average
with the gamified version, and overall higher numbers compared to the Vanilla version.
A possible implication is that gamification may not lead students to make significant
changes, but it could be a guiding factor in performing more automated assessments.

An ANOVA test was performed on the two Productivity metrics and their distri-
bution to answer RQ1 and possibly reject the two null hypotheses, with the goal of
identifying a statistically significant impact of gamification on student productivity;
Table 4.5 presents, for each metric and the corresponding hypothesis, the results of the
ANOVA test according to the main factor (gamification against no gamification) and
the two confounding factors (exercise and the combination of treatment and exercise).

Factor / vars: Size (𝐻𝑠0
) Attempts (𝐻𝑎𝑠0

)
coeff. p-value coeff. p-value

Treatment -0.436 0.577 1.589 2.45e-03
Exercise -8.3429 2e-16 0.2964 0.574
Group 0.1614 0.644 -0.3107 0.187

Table 4.5: Results of the statistical analysis for RQ1 metrics: Size and Attempts. Statis-
tically significant p-values are in bold.

The analysis considers the non-gamified version as the reference one, confirming
what was highlighted by Figure 4.6: gamification leads to slightly smaller diagrams but
a higher number of evaluations, encouraging students to interact more and more with
the game mechanics.

The p-value associated with Size is not statistically significant and, consequently,
the null hypothesis 𝐻𝑠0

cannot be rejected: gamification does not impact the size of
student-made diagrams in any way, and as a consequence does not lead students to
make significant changes.

Conversely, the p-value obtained by comparing the average number of Attempts is
statistically significant, implying that gamification does have an impact on the metric:
with the average number of attempts being higher with the gamified version it is pos-
sible to reject hypothesis 𝐻𝑎𝑠0

and affirm that gamification has a positive effect on the
students’ tendency to automatically evaluate their diagram and, as a consequence, on
their overall commitment.

Regarding the analysis on confounding factors, the only statistically significant re-
sult is that Size depends on the exercise: the analysis took the first exercise as reference,
and the negative value of the coefficient implies that the second exercise had a much
lower size on average (30.23 against 38.57); as a point of comparison, the reference so-
lution for the two exercises had a total size of 43 elements and 32 elements respectively.
The difference in average sizes obtained by the students is in line with the fact that
the two exercises also require different elements to be considered correct; however, this
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difference could also imply that one exercise required more effort to fully represent the
intended domain and, consequently, be more complex than the other.

Answer toRQ1:Applying gamification to class diagram exercises had no impact on the
diagram size, implying that it does not encourage students to make significant changes
to their diagrams, but, possibly, to edit the existing elements to make them fit the con-
text. The statistically significant increase in the number of attempts, instead, can be
seen as a positive effect of gamification, since it means that tying the evaluation to
the game mechanics makes students more inclined to evaluate their solution, making
it reasonable to assume a positive effect on student commitment. Productivity metrics
were relatively not impacted by other factors involved in the study design, with the
only significant effect being on diagram size, depending on the exercise: with one ex-
ercise having a lower element count, on average, it may be possible that one exercise
was easier, impacting the validity of the study.

To answer RQ2, diagram completeness and the count of errors (syntactic, semantic,
and pragmatic warnings) were collected through the tool; Table 4.6 lists the minimum,
maximum, mean, median, and standard deviation for these four metrics depending on
the two treatment, while Figure 4.7 shows the combined box and violin plots for the
distribution of the four metrics, also according on the use of gamification or not.

Table 4.6: Maximum, Minimum, Average, and Median scores for correctness metrics

Min Max Mean (SD) Median

Completeness (V) 0 98 42.54 (13.09) 44
Completeness (G) 9 95 47.21 (13.18) 46
Syntax Errors (V) 0 31 5.4 (6.48) 3
Syntax Errors (G) 0 32 3.79 (5.51) 1
Semantic Errors (V) 2 18 9.64 (2.91) 9
Semantic Errors (G) 2 18 8.71 (2.69) 8
Pragmatic Warnings (V) 0 8 2.05 (1.54) 2
Pragmatic Warnings (G) 0 10 2.20 (1.61) 2
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(a) Box and violin plot for the Completeness metric

(b) Box and violin plot for the Syntax Errors metric

(c) Box and violin plot for the Semantic Errors metric

(d) Box and violin plot for the Pragmatic Warnings metric

Figure 4.7: Box and violin plots for RQ2 metrics
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Overall, the distribution of metrics paints an encouraging picture related to the ef-
fect of gamification: diagram completeness is on average higher, and both syntactic and
semantic errors are lower as well; it can be assumed that gamification can lead to better
student performance, with more correct elements being represented and fewer errors
being made. Pragmatic warnings, however, are higher on average when gamification
is applied: a possible interpretation could be that, since they are presented as minor
issues that do not impact correctness and can simply be represented in a better way,
students may have decided to ignore them.

To identify whether the treatment or other design factors could have impacted the
correctness metrics, an ANOVA test was performed; Table 4.7 summarizes the result of
this analysis by showing the resulting difference coefficient and corresponding p-value
for each of the four metrics and associated null hypothesis for treatment, exercise, and
group assignment.

Factor / vars: 𝐻𝑝𝑟0
𝐻𝑠𝑦𝑛0

𝐻𝑠𝑒𝑚0
𝐻𝑝𝑟𝑎𝑔0

coeff. p-value coeff. p-value coeff. p-value coeff. p-value

Treatment 4.6750 2.96e-05 -1.6107 1.62e-03 -0.9286 9.80e-05 0.1500 0.259
Exercise 10.1893 < 2e-16 -2.3821 2.76e-06 -3.4143 < 2e-16 -0.80714 6.82e-10
Group -0.8407 0.095 -0.2993 0.192 -0.0900 0.402 0.0300 0.614

Table 4.7: Results of the statistical analysis for RQ2 metrics. Statistically significant
p-values are in bold.

The ANOVA test shows that, when accounting for the treatment, gamification leads
to higher completeness on average with a statistically significant p-value: as a conse-
quence, the null hypothesis 𝐻𝑝𝑟0

can be rejected, and it can be said that gamification
leads to more correct diagrams. Similarly encouraging results can be observed for syn-
tax and semantic errors: both metrics yield a lower average count for the gamified
version, and their corresponding ANOVA tests both obtained a statistically significant
p-value, implying that using gamification leads to fewer errors, on average. Null hy-
potheses 𝐻𝑠𝑦𝑛0

and 𝐻𝑠𝑒𝑚0
can both be rejected: gamification has a positive effect on stu-

dent performance by reducing both syntax and semantic errors, meaning that it could
be useful for learning both modeling rules and domain adherence. The non-statistically
significant p-value for pragmatic warnings means that it is not possible to reject 𝐻𝑝𝑟𝑎𝑔0

.
The analysis focused on confounding factors showed that, when considering the

exercise as reference, all four metrics have statistically significant differences, with the
second exercise showing a higher average completeness (around 10%orders more) and
lower counts for both syntax and semantic errors and pragmatic warnings, reinforc-
ing the assumption that the second exercise was easier than the first. While this may
have an impact on the overall results, the experiment’s design counterbalances the ex-
ercise’s impact, thanks to having students perform different exercises in different orders
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and with different treatments. The positive effect of the design can also be seen by the
p-values obtained when analyzing the values according to the order of tasks and treat-
ments: with no statistically significant differences, it can be said that no learning effects
were in place.

Answer to RQ2: Gamification had a positive effect on the overall diagram correctness,
leading to an increase in completeness as well as a reduction in both syntax and seman-
tic errors, resulting in more correct diagrams. It can be said that the various features
helped students understand what they needed to represent and which specific details
had to be corrected. The two exercises selected as tasks had different results as well,
with one appearing to be easier than the other, with a statistically significant difference
in both completeness (higher on average) and all three error types (lower on average);
the potential impact of this discrepancy was, however, mitigated by the experiment de-
sign.

To answer RQ3 and its sub-questions, a questionnaire divided into multiple parts
was given to students at the end of the study. The part related to RQ3.1 dealt with
the general usability of the tool as well as the perception of the gamified experience
with questions taken from the TAM and GAMEX questionnaires; the distributions of
the students’ opinions, computed as the average score for each construct of both ques-
tionnaires, are shown in Figures 4.8a and 4.8b.
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(a) Distribution of answers to the TAM questionnaire

(b) Distribution of answers to the GAMEX questionnaire

Figure 4.8: Distribution of students’ average opinions for RQ3.1 constructs

Regarding answers to the TAM questionnaire, opinions appear to be quite positive,
given that at least half of the participants have a positive average opinion (equivalent
to answering Agree to the entire construct) for each of the four constructs; the distri-
bution of answers given for Attitude towards Usage (72% Agree + Strongly Agree) and
Perceived Ease of Use (65% Agree + Strongly Agree) are particularly encouraging, since
it means that students felt that using UMLegendwas something easy to learn, and that it
was also a tool students would feel inclined to use more. Negative opinions being quite
rare is also a positive result: Perceived Usefulness was the construct with the highest
total (13% Disagree + Strongly Disagree), making it the least successful TAM construct.
A possible interpretation could be that the tool appears easy and interesting to use, but
may not seem as impactful for learning, perhaps as a consequence of using it at the end
of a course rather than over time.

Answers given to the GAMEX questions, however, are more on the neutral side,
with two-thirds of the constructs having a distribution of positive opinions lower than
20%, with many of them also having at least 30% total negative opinions. The only
clearly positive results obtained with the GAMEX questions concern the Enjoyment
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construct, with a total of 49% positive opinions, and the Possible Negative Effects one,
with 79% disagreeing opinions. It can be assumed that UMLegend is perceived as a fun
and engaging tool to support modeling activities with very little negative impact, such
as frustration or hostile design choices.

Unfortunately, since the remaining four constructs tend to have distributions of
opinions between neutral and negative, certain limits of the tool emerge: creative think-
ing is not entirely supported despite the freedom given for modeling choices, and the
tool does not feel particularly stimulating and immersive. It is possible that these results
depend on the single-session design of the experiment, and that continuous adoption
may improve the tool’s perception in these aspects.

Answer to RQ3.1: The UMLegend tool was favorably received by students in terms
of its general usability, as highlighted by the answers given to the TAM questionnaire:
students felt that the tool was easy to use, and stated they would be inclined to use it
for modeling tasks; however, questions related to the perceived usefulness ranked the
lowest among all four constructs, meaning that the educational benefits may need to
be conveyed more clearly. The gamification-specific perception of the tool, conversely,
was not as positive: while most students agreed that using the tool is an engaging
and fun experience that does not feel frustrating or makes the player feel antagonized,
certain aspects, such as the immersiveness or the support for creativity and freedom,
still feel limited, implying the need for a redesign of certain mechanics.

The second block of the questionnaire, designed to answer sub-question RQ3.2, in-
cluded custom-made questions repeated for each of the game mechanics that investi-
gated whether students perceived the mechanic as useful, if the mechanic influenced
their use of the tool, if students were satisfied with how they interacted with the me-
chanic, if they felt motivated by it, and if it was perceived as distracting. For each
student, the overall opinion was computed similar to how it was done for the TAM and
GAMEX questionnaires, given that the answer format was the same (Likert scale values
ranging from 1 to 5), although with one difference: since the fifth question had a neg-
ative connotation, the average was computed using its opposite value (e.g., a Strongly
Disagree answer was considered a Strongly Agree when computing the value) to offset
the negative value. The average answer was computed for each gamemechanic to iden-
tify the most appreciated ones; Figure 4.9 shows the overall distribution of opinions.

Overall, it can be said that all game mechanics have been somewhat well received,
with all of them having a positive average opinion of at least 33%. Moreover, the distri-
bution seems to confirm the same perception of game mechanics that was found with
the BIPMIN study: gamemechanics that provide direct assistance in solving an exercise
are the most appreciated, given that for Error Lists, Indicators, and Diagram Feedback,
at least half of the participants had positive opinions and less than 10% had negative
ones. Mechanics that were conceived for long-term usage, such as Leaderboards and
Avatar Customization, were also well-received, supporting their inclusion in the new
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Figure 4.9: Distribution of answers related to the different game mechanics

framework and reinforcing the necessity for a longitudinal study on gamified model-
ing education. However, the fact that Avatar Customization was the mechanic with
the highest percentage of negative opinions (27%) may not only depend on the single-
session design and on the need to unlock additional props, but also on the perception
itself, which may appear childish and negatively impact the overall tool perception.

Answer to RQ3.2: All game mechanics have been appreciated by at least a third of the
participants, suggesting that the redesign was successful and encouraging future and
continuous use of UMLegend. The detailed distribution of opinions confirms what was
discovered with the first empirical study: mechanics that provide direct assistance for
completing exercises by specifying what needs to be improved and how are the most
appreciated, and mechanics intended for long-term usage rank slightly lower.

The final block of the questionnaire consisted of two open-ended questions, one ask-
ing for issues encountered when using the tool and another asking for suggestions and
possible improvement areas. After performing an open-coding analysis on the answers
given by students, a total of 6 topics were found for the first question, after excluding
227 answers that reported no issue; similarly, 142 answers to the second question were
either empty or had no suggestion and were not considered for the analysis. The topics
found in the two questions can be seen in Figures 4.10a and 4.10b.
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(a) Topics found in the open-ended question asking for issues en-
countered during the study

(b) Topics found in the open-ended question asking for suggestions
for improving UMLegend

Figure 4.10: Results of the open coding procedure on the answers given to the two
open-ended questions

Regarding issues, the most common topic related to issues in setting up the tool and
using its features, something that depends on the explanations given at the beginning
of the study, which may have been unclear or limited; more relevant issues cover prob-
lems in the modeler implementation and the feedback, which was judged limited and
unclear. The modeler issues may depend on the fact that students were used to a dif-
ferent modeling tool (Signavio Academic), with more features compared to the Apollon
modeling library used in the tool, such as an easier way to specify attributes or better
association handling, a part of the modeling interface that was considered complex and
unfriendly.

These two topics found in issues were also found in the answers given to the ques-
tion asking for suggestions: an improved and friendlier modeler, closer to the one stu-
dents were used to, was the most common request, indicating that perhaps the neutral
perception of the tool depended not only on the game mechanics but on the modeling
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aspect as well. The feedback mechanisms were also mentioned by several answers as
something that could be improved by explaining errors in more detail or by also high-
lighting correct elements.

Other common suggestions mentioned reworking the user interface by changing
the way an exercise’s text is displayed or letting students select text from the descrip-
tion and create classes starting from the text; certain comments also stated the need to
make the evaluation engine more flexible, since there were scenarios in which certain
synonyms were not considered valid despite being correct due to not appearing in the
reference solution. Experience management was also mentioned as a part of the system
to revise, since students stated they did not feel that correcting errors actually helped
increase the experience reward again, and errors reducing the value felt more impact-
ful; suggestions to address this issue mentioned either reducing the penalty caused by
errors or having errors reduce experience only on their first appearance.

Finally, rarer suggestions covered once more findings from the original BIPMIN
study related to the single-session design: leaderboards and levels were not considered
impactful, with some students suggesting their removal, tutorials were also mentioned
as a potentially relevant feature, and some students explicitly stated they would have
preferred using the tool more if it were available for a longer period of time.

Answer to RQ3.3: The analysis of the students’ open comments helped identify cer-
tain limitations of UMLegend, such as the somewhat unfriendly modeling interface, the
need to expand feedback to be more detailed, potential improvements to the user in-
terface, and a rework of the experience management to make it more friendly and less
penalizing. The evaluation engine was still a point of concern due to issues with cer-
tain synonyms and modeling choices not being considered in advance for the reference
solution, but was a less severe problem in comparison with the 2023 study.

4.3.5 Threats to validity
The threats to the validity of the empirical study are discussed following the taxonomy
introduced in Section 2.4 [128].

Threats to internal validity: the crossover design could have introduced learning
effects, due to having students perform two tasks consecutively and using tools with a
common base; it may also be possible that the second task may have been influenced by
the first one. The different difficulty levels of the two exercises, which emerged during
the analysis, may also have impacted the results. The choice to use a 2x2 factorial design
mitigated these threats.

Other relevant internal threats depend on the limited variability in the reference
solution, since certain correct modeling choices may not have been recognized as such,
potentially introducing a negative bias in the evaluation of the diagrams. The use of
synonyms for each named element and the support for small grammar mistakes and
typos mitigated this threat.
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Another threat to consider lies in the experimental design: the comparison of per-
formance achieved in two exercises over a single session resembles an exam call or a
laboratory session, making it possible to measure diagram correctness but not the im-
pact of gamification on the learning process; such an effect can only be measured with
long-term deployment in a real classroom environment.

Moreover, the evaluation engine was not used directly for the experiment without
performing any comparison against the tools described in Section 2.1; other existing
solutions may have been more effective and complete, and an empirical comparison
between automated evaluators and the one implemented in UMLegend should be con-
sidered as a future research activity.

A final threat to point out is that considering feedback a game mechanic may also
have had an impact on the results: using a detailed feedback mechanism in the gamified
version and a simplified, generic one for the non-gamified one may have reduced the
scores for the latter version.

Threats to External Validity: it may not be possible to generalize the results to
students with different modeling skill levels. For example, performing a similar study
at the beginning of the course may yield different results; similarly, performing it with
students from a different backgroundmay yield different results. Moreover, the benefits
may apply specifically in a university setting and not in industrial modeling scenarios.

Threats to Construct Validity: the metrics observed to answer the research ques-
tions may not be the most suitable to represent the actual observed constructs. For
example, productivity may have been measured with the time spent to complete each
exercise, although such a metric does not necessarily imply better performance, and
correctness may have been measured with different rules and criteria, perhaps yielding
different completeness scores and error counts.

Threats to Conclusion Validity: the statistical tests used were adequate for the
experiment design, and since all metrics were collected automatically by the tool, the
risk of human errors was minimized. There may have been a risk of confounding fac-
tors depending on the random allocation of participants to the four groups, resulting
in certain groups having more capable participants, but this threat can be considered
improbable with the assumption that participants all had a similar modeling skill level
due to performing the study at the end of the course.

4.4 Key Findings and Lessons Learned
The empirical study aimed to continue what was started with the 2023 study by inves-
tigating whether a gamified modeling tool, developed according to the lessons learned
from the first study, could have a positive influence on student performance and be
well received by a sample of the intended users for such a tool (university students in
modeling courses). The results were more encouraging compared to the first study, and
helped identify key issues to address in the latter part of the PhD course.
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A relevant result comes from the positive impact of gamification on the number of
evaluated checks made by students: while this confirms a similar trend identified in the
first empirical study, it also strengthens the conviction that modeling activities benefit
from gamemechanics being tied to automated diagram assessment and auto-evaluation,
leading to an increase in student commitment.

Additionally, gamification also had a positive effect on diagram correctness, with
both higher average completeness and lower average syntax and semantic error counts.
This result is particularly encouraging when compared to the original study’s result,
where only semantic correctness was positively affected by gamification; moreover, the
original interpretation of semantic correctness for the 2023 study could be considered
equivalent to the overall diagram completeness, rather than the adherence itself to the
intended domain. As a consequence, the UMLegend study confirmed the benefits of
gamification on helping students represent correct diagrams, and also introduced the
possibility of said strategy being useful for learning modeling rules.

The revised implementation of game mechanics also led to an improvement in stu-
dent perception: the post-study questionnaire showed that UMLegend is a fairly easy
to use application, with potential for long-term use and possible benefits, while also be-
ing fun, engaging, and with little to no negative aspects such as frustration or hostility
toward users, according to the students; certain gamification-specific aspects, however,
were not all rated as highly, with limited freedom of action and creativity, as well as
immersiveness, being causes of concern. These observations are also in line with the
original study and point to a limitation in the single-session experiment design: it may
be reasonable to assume that longitudinal usage would increase aspects such as freedom
and immersion.

The post-study questionnaire also confirmed the findings described in Chapter 3
related to game mechanics: students tend to appreciate the most mechanics such as
diagram feedback or error lists that directly point out what are the errors in a diagram
and provide explanations on how to correct them, while mechanics intended for lon-
gitudinal use such as levels and leaderboards, while still appreciated, were considered
less impactful, with a few students even suggesting their removal from the tool. It
can be deduced that single-session studies, while effective for understanding whether
gamification can improve diagram completeness and student understanding of model-
ing rules, are not sufficient to properly assess the benefits and perception of gamified
modeling education, and longitudinal studies are also necessary.

Finally, while results are overall positive and encouraging, certain issues remain,
such as the unfriendly modeling canvas, which felt frustrating to use compared to the
platform students were used to, and the excessively strict experience system, which was
considered too penalizing, althoughwith less frequency compared to similar complaints
recorded after the first study. The evaluation engine was also mentioned by students
as a limit of the tool, despite the implementation allowing for more synonyms and
variations in names; certain correct modeling choices were marked as incorrect. This
was the most common issue in the original study, and it still appears to be a relevant
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problem to consider, although far fewer students mentioned it as such.

Summary of the UMLegend empirical study

The empirical experiment demonstrated that the new gamification framework
can positively affect student commitment, diagram correctness, and student un-
derstanding of modeling rules, with higher diagram completeness and fewer syn-
tactic and semantic errors. The students’ reception of the tool’s usability was
largely positive, while the gamified experience was perceived as enjoyable but
not fully immersive, an expected limitation given the single-session nature of
the study. The feedback mechanics were the most appreciated components of
the tool, reinforcing the design priority given to immediate, actionable feedback
in the framework. The main areas for improvement concern the modeling inter-
face, whose perceived unfriendliness detracted from the overall experience, and
the evaluation engine, which would benefit from greater flexibility in accepting
alternative correct solutions.
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Chapter 5

The improved BIPMIN tool

The development of the framework described in the previous chapter aimed at address-
ing the issues that had emerged with the empirical study with BIPMIN, leading to the
development of a new tool and the execution of a second experiment with a similar
design, to observe whether a new set of mechanics and a revised evaluation approach
could make a gamified tool more effective. The framework was designed with the goal
of supporting longitudinal use, implying the need for a specific evaluation procedure
aimed at testing its potential benefits over a period of time beyond that of a single ex-
periment. For this purpose, it was decided to redevelop the BIPMIN application, which
had already proved the benefits of gamification applied to BPMN modeling, in accor-
dance with the new selection of game mechanics, and to use this new version for the
practical activities of the Information System course, where the original tool was tested.

The goal of this new study was to explore a different research direction: instead of
comparing the gamified approach with regular modeling activities, the purpose was to
observe whether continuous use of a gamified environment would lead to measurable
improvements in the students’ BPMNmodeling knowledge and final performance. This
chapter describes how the BIPMIN tool was redesigned according to the new framework
and then presents the results of the study, focused on both the overall student perception
of the gamified experience and on the empirical evaluation of how the tool impacted the
students’ grades and learning progression over time. Thework described in this chapter
has been split into two research articles: a first experience report focused on student
perception and lessons learned was presented in [51], while the empirical evaluation
was described in [54]. For replication purposes, the application has been distributed
with two Docker images, respectively for the client1 and the server2; moreover, a live
version of the tool is deployed at the following link: https://softeng.polito.

1https://hub.docker.com/repository/docker/giacomogaraccione/
bipmin-full-client/general

2https://hub.docker.com/repository/docker/giacomogaraccione/
bipmin-full-server/general
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it/bipmin, with username UserTest and password !!User_Test_s100030!!.

5.1 Limitations of the existing version
The original empirical study conducted in January 2023 identified a clear set of lessons
and issues with the first implementation of the BIPMIN tool that guided the latter part
of the PhD course’s first year, leading to the implementation of UMLegend.

The first, and most significant, limitation was found in the rigid evaluation engine:
despite the introduction of a semantic assessment check for assessing the content of a
diagram (element names, types, position in relation to other elements) beyond regular
adherence to syntax rules, the reference solution remained constrained to a single target
model with limited variability in the set of accepted alternative ways to represent each
process part. Many students who had produced a diagram semantically equivalent to
the reference but with variations such as different element names, alternative structural
choices, or unexpected synonyms in part of the names got penalized by the evaluator
not recognizing their work as correct, an assessment that would be found as such by a
human observer. This resulted in continuous penalization that was, in turn, identified
as the main source of dissatisfaction, resulting in the neutral perception of the overall
experience highlighted by the answers to the GAMEX questionnaire; the key lesson
found from this issue was that the game mechanics would not work as expected if they
relied on an evaluation that students would perceive as unfair.

Another limitation was connected to the results related to the impact of gamifica-
tion on syntactic correctness: the original study showed a positive impact on semantic
quality, highlighting that gamification could help students produce more correct mod-
els, but no similar effect could be observed regarding syntax quality and, consequently,
on the benefits related to learning basic BPMN modeling rules. The reason for this
result depends on the study’s design: by conducting the experiment at the end of the
course, students were already knowledgeable about BPMN syntax, especially because
of the syntax enforcing feature present in the editor they were used to (Signavio Aca-
demic); this meant that students could be considered as experts on the syntactic point
of view, highlighting the need to conduct a similar assessment earlier in the course,
when students begin facing BPMN problems and need support and assistance to learn
the key concepts, which is what gamification could help with and one of the goals of
the PhD research.

The final limitation emerged in relation to the implementation of the penalty me-
chanic, which was selected to introduce a negative motivator and discourage students
from continuously submitting unchanged solutions, and led to excessive frustration due
to unexplained feedback behind the errors and consequent inability to understand why
certain modeling choices were considered incorrect.

Overall, the combination of a limited evaluation engine and excessively strict game
mechanics led to the experience being seen in a neutral light, reducing the engaging
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effect of gamification, and the execution of the study at the end of the course limited
the ability to assess its educational impact.

5.2 Tool changes according to the UMLegend frame-
work

After identifying the limitations of the original BIPMIN implementation, development
of a new version started during Spring 2023 according to the gamified framework identi-
fied with the creation of UMLegend, making sure that both tools would share a common
design logic adapted to the specific modeling domains, with the end goal of merging
them in a single, multi-purpose educational environment. The development process led
to the complete re-implementation of the evaluation engine as well, to extend the tool’s
ability to assess a diagram’s correctness.

The same design choices made for UMLegend applied to the new version of BIP-
MIN: a separate client interface for teachers was implemented to support long-term
course management, allowing for the creation of student profiles, new exercises, and,
most importantly, reference solutions for each exercise, moving forward from the orig-
inal implementation, where solutions were hard-coded with no easy way to change
them. On the student side, a homepage was added to allow for profile and avatar cus-
tomization, as well as easy access to exercises. The implementation of game mechanics
according to the UMLegend structure was guided by the new evaluation engine, which
was identified as the first necessary change to improve the tool and make it suitable for
long-term use.

5.2.1 Evaluation Engine
The behavior behind the new evaluation engine kept the same logic as the version used
for the study: the evaluator would have to simulate the behavior of a teacher who looks
at a diagram and identifies elements that represent specific parts of the target process
and assesses errors, such aswrong ordering of elements, elements belonging to different
pools/lanes, and incorrect message exchanging.

The use of Process Parts as the logical blocks to base a reference solution on remained
as the key idea behind the evaluation engine; however, it became obvious after the study
that each process part, and each element inside them, had to be assessed separately, with
relationships between elements and parts being assessed at a later step in the evaluation,
following identification of matching process parts. As a consequence, the data structure
that implements reference solutions was restructured to distinguish between structural
elements (pools, lanes, sub-processes), process parts, and forbidden elements.

Business Entities were added as structures that were used to identify the pools ex-
pected to be included in a diagram. For each of them, a unique name was required,
to express the corresponding pool both in feedback mechanics and in relationship to
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other elements in the solution; a set of synonyms could also be specified for each entity,
allowing for more ways to express the same concept and leading to a match if a stu-
dent’s diagram included a pool with a name similar enough to either a synonym or the
reference name. Furthermore, the ability to specify whether an entity was external or
not, requiring the use of a collapsed pool to represent it, was added, together with the
ability to mark an entity as mandatory or as one that can be omitted without causing
an error.

Actors were used to represent the possible lanes that could be included in a diagram’s
pools. A unique reference name would identify each actor, with the list of possible syn-
onyms being used as well, and, for each actor, the identifier of its parent pool An actor
is considered represented correctly if there is a lane with a similar name to one of the
allowed ones, if the parent business entity has amatching pool, and if the matching pool
contains the matching lane; in case a matching pool is not found for a given business
entity, all actors are automatically considered not found.

Sub-process objects were used to identify the corresponding diagram elements that
could group together multiple tasks and events inside a larger pool. Each object of
this type could specify the parent element (either a pool or another sub-process) and
whether it is a regular or an event-triggered sub-process, in which case it was also
possible to state whether it could interrupt the parent element or not.

Forbidden Entities were used to identify names that could not be used to represent
pools or lanes, marking errors such as using names intended for business entities to
represent actors (or vice-versa), including actors and entities that do not interact with
the process, or representing the system or parts of it as an actor rather than as the entire
diagram.

Finally, the definition of Process Parts was completely redone to allow for a more
thorough and less strict evaluation: first of all, each part could be represented by mul-
tiple alternative groups of elements, where each element could be defined in different
alternative ways to support the variability of correct representation. Each given ele-
ment in a group would have a unique identifier in the solution and state the possible
options such as the set of accepted names, the pool and lane the element would belong
to, the list of preceding elements, information about message exchanges and boundary-
type relationships (type and identifier of the connected element), a description of the
element to be used for feedback, and the set of acceptable element-specific information
to represent it (e.g., regular tasks and user tasks, message sending events and message
sending tasks, interrupting or non-interrupting events, gateways that split or merge
multiple flows). An element in a given process part’s group is considered matched with
a diagram element that has a name similar enough to one of the allowed ones, an ac-
cepted type out of the defined set, and that belongs in the intended pool; a process part
is considered matched if there is one group where all elements have a match in the di-
agram, checking exclusively the three conditions, while other constraints are assessed
separately and identify other types of errors.

The decision to keep element matching to a minimum was not only made to make
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the evaluation engine less strict, reducing the set of necessary information to be correct
for a match to the fundamental information, but also to expand on the feedback mech-
anism, which was limited to simply highlighting which process parts had been found.
Implementing separate checks on different error types would make it possible to pro-
vide additional feedback explanations, helping students fix the more precise details in
their diagrams.

Another decision made to increase the granularity of the feedback mechanisms and
thus enhance the educational capabilities of the improved BIPMIN was to define a third
category of analysis performed during semantic assessment with the concept of Close-
ness, which is used to identify modeling choices that satisfy most correctness conditions
and require targeted corrective actions without being considered errors.

This concept is then formalized in the evaluation engine through the definition of
close elements and close process parts, with the former being reference elements in a
non-matched process part for which there is a diagram element with a matching name
but at least one other matching condition (belonging to the intended pool or being an
accepted type) not satisfied, and the latter being process parts that have a match for at
least 50% of the elements but not all, selecting the group with the highest number of
matched elements.

This would lead to scenarios where students could draw elements that represent
an intended purpose but with an incorrect understanding (e.g., using a user task to
represent an activity performed automatically instead of a service task or having activ-
ities performed by a different business entity or actor than expected) and know what
they should change, or representing most of what composes a certain part of the re-
quirements but missing key sections of the interaction; the use of a description for each
element in the reference solution serves this purpose, with feedback related to closeness
using these descriptions to report the missing elements.

Following the definition of the new reference solution structure, the evaluation pro-
cedure was re-implemented to adapt to the new format, keeping the same logic used
in the UMLegend tool: a first syntax check used to identify structural errors and point
out violations of standard BPMN rules, followed by the semantic assessment to identify
correct process parts, errors, and close elements.

The syntax evaluation kept the original underlying structure by using the bpmn-js-
bpmnlint library to identify known errors (unnamed elements, processes with no start-
ing or ending events, incorrect use of incoming and outgoing flows), with the addition
of new custom rules focused on ensuring only certain elements could launch sequence
flows or violations tied of boundary events such as not managing their outgoing flows
or attaching them to incorrect elements; the full set of syntactic criteria is presented in
Figure 5.1.

Following a complete syntax assessment, the semantic evaluation takes place by
comparing elements in a diagram with the set of reference solutions: the process iter-
ates on the three structural elements (pools, lanes, sub-processes) first and then loops
through the process parts; a second iteration on each process part’s possible group of
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Figure 5.1: Syntax evaluation rules

elements is performed, looking for the specified elements by continuously filtering the
elements in the diagram according to the specified properties. The sorting follows a
given order: first, the element type is checked, then name similarity, then by belonging
to the expected parent; in case an element has additional constraints that depend on
the type, such as event definition or gateway type (split or merge), those properties are
also added to the filtering procedure. After all groups have been processed and match-
ing parts have been identified, a second evaluation step is performed to identify errors
such as elements in the same part being in the wrong order or parts being in the wrong
order (identified by the last element of the preceding part not having an outgoing flow
to the first element of the following part), and a final step looks at the elements in non-
matched parts to look for close elements among diagram elements that do not belong
to any part. This process is repeated for each defined reference solution and leads to
the computation, together with the list of errors, of a completeness score that depends
on the sum of matched entities, actors, sub-processes, and process parts over the total
number of such elements; the solution with the highest score is used as the reference,
and its accompanying feedback is shown to the student. Figure 5.2 summarizes the
semantic evaluation process.
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Figure 5.2: Semantic evaluation algorithm

5.2.2 Gamified Mechanics
The implementation of the gamemechanics for the new version of BIPMIN followed the
same framework described in Chapter 4, distinguishing between long-term mechanics
used to motivate continuous use of the application and exercise-specific ones that as-
sist students when they perform their modeling assignments. Certain game mechanics
were implemented with the same reasoning and behavior as in UMLegend, while oth-
ers were adapted to the BPMN-specific context and with the goal of longitudinal use
in mind; furthermore, two new exercise-specific mechanics were added, as well as a
long-term one.
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Levels andExperience points remained the keymechanic structured around show-
ing a student’s growth in modeling skill, and all experience management mechanics
were implemented in the same way: errors would never reduce the obtainable expe-
rience below the minimum threshold of 35%, multipliers for good performance when
completing an exercise were kept, and the mechanism to recover experience when cor-
recting errors was also put in place. Experience thresholds for leveling up, as well as
obtainable experience points for exercise completion, were set to ensure that obtaining
the minimum score in all exercises would be sufficient to reach the maximum level.

Avatar Customization saw no change compared to the UMLegend implementa-
tion, keeping the original intention of using avatars as a way to let students customize
their experience within the tool and its use in a course. In the context of a longitudinal
use, certain avatar props were identified as rarer and set to be unlocked only at higher
levels; in any case, students who managed to complete all exercises would be able to
obtain all avatar props.

Leaderboards, which were implemented in both the first prototype and in the UM-
Legend tool but had yet to show their potential as motivating elements, saw the addition
of a third leaderboard type, ranking students by the number of completed exercises. Ad-
ditionally, since the goal was to use the BIPMIN tool in a classroom environment with
a potentially high number of participants, it was decided to avoid using a single leader-
board showing all students using the tool but to introduce leaderboards showing the top
10 students for each ranking, and relative leaderboards showing students with a similar
rank; this was done mainly to avoid potentially demotivating scenarios where students
could perceive their ranking negatively compared to the large amount of colleagues.

A new long-termmechanic that was introduced aimed at building a sort ofmetaphor
for the continuous challenge of solving increasingly harder exercises by adding the con-
cept of enemies tied to the exercises in the form of stylized robotic bosses: a Boss Icon
would appear inside each exercise, challenging the player with a message when start-
ing an exercise and disappearing after completion, signifying the enemy’s defeat. The
boss icon does not appear only in the exercise interface but is also shown in the exer-
cise’s corresponding menu item on the home page after exercise completion, providing
a visual feeling of reward and satisfaction.

Regarding exercise-dependent mechanics, most of them were changed, with the
exception of Indicators, Avatar Feedback, and the In-exercise Leaderboard, since
their original interpretation had nothing specifically related to UML modeling or could
benefit from changes based on longitudinal use.

In terms of game mechanics that were changed, instead Error Lists saw a relevant
change with the removal of the list related to pragmatic warnings, since pragmatic
quality for BPMN diagrams concerns mostly their readability, which cannot be easily
assessed through automated element assessment, and the expansion of the shown mes-
sages so that, for each erroneous element, the BPMN source code identifier is listed with
a detailed description, allowing for easy retrieval of the errors with the combination of
the diagram feedback implementation and the bpmn.io engine’s support for element
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search through keyboard shortcuts.
Process Parts Lists were added as a new mechanic, with the same logic as the

error-based lists: each correctly modeled process part would appear when clicking the
list, showing the name of the matched part and the names and ids of the elements that
satisfied the matching conditions; a similar reasoning was made for the list associated
with close parts, where matching elements would be presented and the description of
the missing elements were provided to guide students toward including the necessary
process components. Lastly, the list for close elements was also added, stating for each
element the description and the process part that said elements could be considered
valid matches, and the reason behind the match not being complete (incorrect element
type, belonging to the wrong pool, or both).

Diagram Feedback saw the most substantial change out of all game mechanics
from the implementation used in the 2023 empirical study: rather than marking only
elements that represented matched process parts by changing their color, multiple vari-
ations could be applied to various elements depending on the results of an automated
evaluation. Certain icons could be added to elements depending on whether they were
correct (a green check mark), close elements (a yellow exclamation mark), members of
a close part (a yellow question mark), in the wrong order within their process part or
members of a part in the wrong order (a purple shuffle icon); other changes included
changing the border of forbidden pools or names to red, changing the border of el-
ements in the wrong lane to orange, changing the filling of message-based elements
with no message flow to blue, and changing the border of elements that exchanged
messages with the wrong elements to pink; the combination of all element changes
and the feedback lists (where errors also shared the same color as the change in the dia-
gram) ensured a better understanding of why certain modeling choices were considered
correct, wrong, or incomplete but able to become correct with certain changes.

The final mechanic introduced in the new version consisted of Exercise Hints as a
separate section inside an exercise’s menu: these hints could be configured by a teacher
when defining a reference solution and could be unlocked either as a reward for reach-
ing certain completeness thresholds, to help students finalize almost complete diagrams,
or as a catch-up mechanism after performing a high number of checks or losing enough
experience.

An example of what an exercise’s page looks like when the relevant mechanics are
active can be seen in Figure 5.3, which shows a diagram with feedback highlighting
errors and correct elements, the reaction of the student’s avatar, the robotic enemy, and
the completeness and experience indicators.
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Figure 5.3: Exercise page in the revised BIPMIN application showing 1) Student Avatar,
2) Boss, 3) Indicator, 4) Error Lists, 5) Process Parts Lists, 6) Diagram Feedback, 7) Ex-
ercise Menu

5.3 Longitudinal application of BIPMIN in an educa-
tional context

The development of the improved version of BIPMIN was finalized by the beginning of
October 2023, making it possible to deploy it for the 2023-2024 edition of the Informa-
tion Systems course, the parallel English version of the course where UMLegend was
later tested at the end of the course, allowing for two similar experiments within the
same context: longitudinal effects of gamification on process modeling and comparison
between regular and gamified-assisted UML modeling.

BIPMIN was used during the entire course for practical BPMN modeling exercises,
with five exercises of progressively increasing challenge level released throughout the
course, starting from basic process flows and reaching advanced concepts such as event
handling and communication between multiple pools. Students were encouraged to
use the tool during practical lab lectures or on their own time, allowing for complete
freedom of use, with the only deadline for attempting exercises being the end of the
course, to allow late-enrolling students participation as well.

To encourage participation, students were promised a reward of two additional
points on their written exam’s grade if they performed at least one attempt on each
of the five exercises before the deadline, requiring at least a minimum level of effort
(e.g., not submitting empty diagrams or diagrams solved randomly) as the only con-
straints needed to obtain the reward; completing exercises by obtaining the minimum
completeness threshold was not added as a condition for the reward to ensure students
would not be discouraged in case of performance they felt was unsatisfactory.
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Activities outside of the lab exercises, such as theory lectures or the group-based
project work were, however, performed using the same platform used in past years,
since it offered collaborative features that were not yet implemented in BIPMIN, leading
to practical BPMN exercises being the only course topic done with a gamified approach.

Out of 363 students enrolled in the course, 264 performed at least one exercise, with
254 students trying all five at least once; 200 students passed the exam by the end of the
winter exam session and were considered for the analysis on the educational impact. A
final questionnaire was provided in the final week of the course to collect the students’
opinions and suggestions related to their experience with the tool; 248 students who
used the tool at least once answered all questions.

5.4 Empirical evaluation of the long-term usage
The experiment focused on the longitudinal use of BIPMIN, which started in October
2023 and was finalized at the end of January 2024, following the end of the course and
the subsequent exam session, where it was possible to observe the effects of gamifi-
cation on the students’ acquired BPMN modeling skills. The experimental design was
planned at the start of the course following, in the same vein as the 2023 empirical
study, according to the GQM template; Table 5.1 summarizes the experiment’s research
objectives, while the purpose of the study was formalized as assess the impact of the
longitudinal adoption of gamification on learning BPMN modeling from the point of view
of Software Engineering teachers in the context of university courses.

Table 5.1: GQM template for the experiment

Object of Study Learning of BPMN Modeling
Purpose Assess the impact of gamification
Focus Grades, Learning Progress, Commitment
Context Modeling tools, Education
Perspective Teachers, Learners

5.4.1 Research Questions and Metrics
The study was designed to answer the following research questions:

RQ1 Effectiveness: does gamification affect grades?
The goal of this question is to observe whether long-term exposure to gamified BPMN
modeling can have a positive effect on the students’ grades. This question is further
refined into:
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RQ1.1 Does the application of gamification impact the students’ grades in BPMN
exercises for the final exam of the course?

RQ1.2: Does the application of gamification impact the students’ grades in BPMN
exercises for the end-of-course project work?

RQ2 Progress: Does gamification support progressive learning during the course?
The expectation is that gamification should support the incremental acquisition of
modeling skills leading to progressively increasing quality of produced models.
This question is further refined into:

RQ2.1: Does the application of gamification impact the correctness of the stu-
dents’ exercises during the course?

RQ2.2: Does the application of gamification impact the errors made by the stu-
dents throughout the course?

RQ2.3: Does the application of gamification impact the completion rate of the
exercises?

RQ3 Perception: Is gamification well received by the students?
The assumption behind this question is that gamification will be positively perceived
by the students with more involvement and willingness to adopt it.
This question is further refined into:

RQ3.1: What is the perceived usability of the BIPMIN application?
RQ3.2: What is the students’ appreciation of the BIPMIN tool?
RQ3.3: What are the students’ opinions related to the longitudinal use of BIP-

MIN?

The comparison between the regular BPMN learning approach and the gamification-
enhanced one was selected as the strategy to answer RQ1: the intention was to ob-
serve how the students who used BIPMIN throughout the course performed in the final
BPMN-related assignments and assess differences in grades obtained by students who
followed a traditional learning approach. For this purpose, grades obtained by students
enrolled in the 2022/2023 edition of the course were retrieved and compared with the
ones obtained by participants in the longitudinal study: the independent variable con-
sidered for answering RQ1 was set as the academic year, while two dependent variables
were analyzed, the points obtained in the BPMN exercises of the final exam, ranging
from a minimum of 0 and a maximum of 8 and testing theoretical knowledge of BPMN
fundamentals and ability to discern correct modeling choices, and the grade assigned
to the BPMN part of the end-of course project work, which tested the students’ abil-
ity to represent complex processes involving multiple entities, actors and requirements
with a score interval of 0 to 5. Project work grades obtained in the 2023 edition of the
course were normalized due to two differences: first of all, the 2023 project work was
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individual, while the 2024 one was a group activity, meaning that, for the latter edition,
the grade obtained by each participant was the grade obtained by their group, or 0 if
they did not perform the project work. Conversely, the project grade in 2023 ranged
from 0 to 4, and scores obtained by that year’s cohort were rescaled to the 0-5 interval.

RQ2, instead, followed a different approach: the goal of the question was to measure
the students’ learning progression over time, with five total exercises made available for
completion over the course’s duration: exercises were selected to introduce a progres-
sive challenge with increasing difficulty levels, making it possible to observe the stu-
dents’ growth in modeling skill; consequently, the exercise number was chosen as the
independent variable for answering RQ2, and dependent variables were three metrics
computed directly by the tool for each exercise (the exercise completeness computed as
the sum of matched elements over the total set of expected elements and the counts of
both syntax and semantic errors).

The method used to answer RQ3 and its sub-questions followed the same approach
used for the UMLegend study: the final questionnaire was structured in a very similar
way, with questions taken from the TAM [30, 80] and GAMEX [42] questionnaires used
to assess the overall perception of the tool’s usability and of the gamified experience,
allowing answers through a Likert scale from 1 to 5 and providing a way to answer
RQ3.1.

Questions focused on the game mechanics were also included to answer RQ3.2,
with additional questions for the new mechanics implemented specifically in BIPMIN,
as well as questions related specifically to the longitudinal experience and how students
perceived the impact of the long-term use of the tool in term of learning, asking about
the effects on improving their modeling skills, on learning BPMN fundamental rules, on
fixing errors, and on the negative effects such as distractions during the course. These
additional questions were also structured with a 1-5 Likert scale for the answers.

Finally, two open questions were included as the way to answer RQ3.3, asking stu-
dents about their suggestions on improvement areas for the tool and on how to better
integrate BIPMIN in the general course execution.

5.4.2 Analysis Method
A total of five null hypotheses were formulated to frame the study, with two hypotheses
for RQ1 and three for RQ2; these hypotheses are as follows:

• 𝐻1.10
: The application of gamification has no statistically significant impact on

the grade obtained by students for the BPMN-related exercises of the final written
exam;

• 𝐻1.20
: The application of gamification has no statistically significant impact on

the grade obtained by students for the BPMN-related exercises of the end-of-
course project work;
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• 𝐻2.10
: The application of gamification does not lead to a statistically significant

improvement in the completeness score obtained in the exercises throughout the
course;

• 𝐻2.20
: The application of gamification does not lead to a statistically significant

reduction in the number of syntax errors made in the exercises throughout the
course;

• 𝐻2.30
: The application of gamification does not lead to a statistically significant

reduction in the number of semantic errors made in the exercises throughout the
course.

Two different analysis approaches were performed depending on the research ques-
tion: to evaluate hypotheses associated with RQ1, a Wilcoxon test was conducted on
the distribution of the two grade metrics using the academic year as the independent
variable. RQ2 hypotheses, instead, were evaluated with two distinct encoding methods:
first, a fixed effects linear model analysis was performed by taking the first exercise as
the reference level and assessing differences in scores obtained in the following four
exercises; then a linear model with a progressive reference, allowing for a comparison
between each exercise and the following one. The purpose of both methods was to
observe trends in modeling performance in comparison with the start of the course, to
identify potential positive effects over time, as well as comparing relative progression
in consecutive exercises, to identify the students’ ability to assimilate complex topics.

Given the fact that multiple univariate tests were performed, to counteract the risk
of increasing the chance of false positives and having Type I errors, the significance level
was adjusted by applying Bonferroni correction, resulting in a new p-value threshold
of 𝛼𝐶 = 𝛼/8 = 0.00625 to identify statistical significance. The eight independent tests
come from the fact that each RQ2 hypothesis is tested using two linear-model encod-
ings, derived from the count of 2 (RQ1 metrics with a single test each) + 3 (RQ2 metrics)
x 2 (tests).

The analysis of the questionnaire’s answers was performed with the same approach
used for the two empirical studies described in Chapters 3 and 4: answers given to
Likert-based questions were grouped by questionnaire construct (e.g., TAM or GAMEX
measure, game mechanic) and the resulting average taken as the general opinion for
each student, leading to the distribution of opinions showing the participants’ inter-
pretation of the experience.

Answers to the two open questions were instead analyzed with an open coding ap-
proach (see Section 2.4)[118] with a two-iteration procedure: after identifying topics
across all answers, answers were analyzed again to identify a potentially more relevant
topic to assign them to.
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5.4.3 Results
Table 5.2 summarizes the statistics related to the RQ1 metrics, the grade obtained in
BPMN tasks in the final written exam and the one obtained in the BPMN assignment
of the end of course project, divided per academic year, with 2023 being the year where
non-gamified BPMN teaching methods were used, and 2024 being the academic year
where BIPMIN was adopted for practical assignments. The distribution of both metrics
according to the academic year is shown in Figure 5.4.

Table 5.2: Summary statistics (minimum, maximum, mean, median, standard deviation)
for Effectiveness metrics

Type Year Min Max Mean (SD) Median

Exam Grade 2023 0.0 8 5.83 (1.65) 6.30
Exam Grade 2024 1.6 8 6.56 (1.78) 7.00
Project Grade 2023 0.0 5 2.05 (1.20) 2.33
Project Grade 2024 2.5 5 4.45 (0.56) 4.50
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(a) Box and violin plot for the distribution of exam grades for BPMN
tasks

(b) Box and violin plot for the distribution of grades for the project
work’s BPMN assignments

Figure 5.4: Box and violin plots for RQ1 metrics

For both metrics, it is immediately obvious that performance was, on average, bet-
ter in the 2024 edition of the course, with an increase of 11% for exam scores and of
54% for project scores, implying a potential positive effect of gamification on learning
effectiveness. To answer RQ1, two Wilcoxon tests have been performed on both met-
rics, yielding a p-value of 1.09e-08 for exam grades: this value is statistically significant,
making it possible to reject hypothesis 𝐻1.10

. Similarly, the test on project grades ob-
tained a statistically significant p-value (p = < 2.2e-16), meaning that 𝐻1.20

can also be
rejected.
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Answer to RQ1: The longitudinal use of a gamified environment to teach BPMNmod-
eling had a statistically significant effect on student grades, leading to an increase in
both exam and project grades. It is reasonable to assume that using BIPMIN helped
students improve their theoretical understanding of BPMN and their ability to identify
correct modeling decisions, skills that are measured with the exam tasks, as well as their
ability to handle complex processes based on real-life enterprise applications, which are
the target of the project work.

Regarding RQ2, diagram completeness and both syntax and semantic error counts
were taken at the end of the course through BIPMIN’s admin interface, considering, for
each student, the values of the three metrics associated with their last saved diagram,
assuming those to be their final scores; Table 5.3 presents minimum, maximum, mean,
median, and standard deviation of the threemetrics, while their distribution per exercise
can be seen in Figure 5.5.

Table 5.3: Summary statistics (minimum, maximum, mean, median, standard deviation)
for Learning Progress metrics

Exercise Metric Min Max Mean (SD) Median

1 Completeness 0 100 76.32 (21.73) 82.00
1 Syntax Errors 0 23 1.08 (2.55) 0.00
1 Semantic Errors 0 23 8.04 (4.88) 7.00

2 Completeness 0 100 71.95 (20.99) 77.00
2 Syntax Errors 0 21 0.71 (2.18) 0.00
2 Semantic Errors 0 18 7.11 (4.19) 7.00

3 Completeness 0 100 77.39 (21.33) 85.00
3 Syntax Errors 0 15 0.57 (1.47) 0.00
3 Semantic Errors 0 9 4.42 (2.56) 5.00

4 Completeness 0 100 77.45 (19.07) 80.00
4 Syntax Errors 0 12 1.44 (2.53) 0.00
4 Semantic Errors 0 18 5.78 (4.12) 5.00

5 Completeness 9 100 78.72 (19.64) 84.00
5 Syntax Errors 0 27 1.24 (2.92) 0.00
5 Semantic Errors 0 14 5.64 (3.54) 5.00
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(a) Box and violin plot for the distribution of diagram completeness
per exercise

(b) Box and violin plot for the distribution of syntax error counts
per exercise

(c) Box and violin plot for the distribution of semantic error counts
per exercise

Figure 5.5: Box and violin plots for RQ2 metrics

The distribution of diagram completeness is overall quite positive, seeing that all ex-
ercises have at least 70% completeness on average, and all of them, excluding exercise 2,

142



5.4 – Empirical evaluation of the long-term usage

have at least 75%, the acceptable threshold for an exercise to be considered completed,
making it reasonable to assume that the average student has been able to complete four
out of the five exercises. Syntax errors are on average quite low, particularly decreasing
around halfway through the course before increasing with exercise 4, and semantic er-
rors show a similar trend, falling when going from exercise 1 to 2 and then 3 to increase
once more for the final, more complex, two exercises.

The results of the statistical analysis performed to answer RQ2, a linear model using
the first exercise as the reference, are presented in Table 5.4; coefficients are interpreted
as the difference in performance with relation to the start of BPMN-related activities in
the course, where students have yet to practice: performance improvements are rep-
resented by positive coefficients for diagram completeness, signifying diagrams with
more correct elements over time, and by negative coefficients for error counts, imply-
ing a better understanding of modeling conventions and a higher ability to represent
domain-specific details.

Table 5.4: Coefficients and p-values for linear model using fixed reference encoding for
each progress metric. Statistically significant p-values are in bold.

Exercise Completeness Syntax Errors Semantic Errors

2 -4.37 (4.86e-3) -0.37 (1.01e-1) -0.93 (4.83e-3)
3 1.08 (4.87e-1) -0.51 (2.38e-2) -3.6 (< 2e-16)
4 1.14 (4.63e-1) 0.36 (1.15e-1) -2.26 (1.03e-11)
5 2.41 (1.20e-1) 0.16 (4.92e-1) -2.40 (6.19e-13)

The only comparison with the first exercise related to diagram correctness to yield
a statistically significant p-value is the one with the second exercise, with a negative
coefficient signifying a drop in performance; while the comparisons with subsequent
exercises have a positive coefficient, implying performance improvements over time
when solving more complex exercises, the absence of statistical significance hinders
the analysis’s relevance.

Syntax errors show a similar result: the comparison with the third exercise yields a
slightly significant p-value, which is however, still higher than the adjusted coefficient
𝛼𝐶: while the negative coefficient implies that students manage to attain a good under-
standing of BPMN theory and modeling rules after enough use of a gamified tool, the
absence of significance means that the result cannot be taken for granted.

Semantic errors paint a different picture instead, with all comparisons yielding a
significant p-value and negative coefficients: the interpretation is that the use of gam-
ification was effective in helping students learn how to handle domain constraints, by
reducing errors such as incorrect ordering, assigning elements to the wrong actors, or
mishandling message exchanges.

The second step of the statistical analysis performed to answer RQ2 was to perform
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a second linear model, this time with a progressive encoding where a given exercise is
taken as reference and compared against the following one, leading to four comparisons
that show relative improvements as additional topics are added and the exercise diffi-
culty increases; Table 5.5 summarizes the coefficients and p-values for the three RQ2
metrics.

Table 5.5: Coefficients and p-values for linear model using progressive encoding for
each progress metric. Statistically significant p-values are in bold.

Exercise Pair Completeness Syntax Errors Semantic Errors

Ex. 1 -> Ex. 2 -4.37 (4.86e-3) -0.37 (1.01e-1) -0.93 (4.83e-3)
Ex. 2 -> Ex. 3 5.55 (4.58e-4) -0.14 (5.34e-1) -2.69 (8.33e-16)
Ex. 3 -> Ex. 4 0.06 (9.69e-1) 0.87 (1.33e-4) 1.36 (3.85e-05)
Ex. 4 -> Ex. 5 1.27 (4.12e-1) -0.20 (3.75e-1) -0.14 (6.80e-1)

Regarding diagram completeness and its relative progression, there is a positive
improvement when going from the second to the third exercise with a statistically sig-
nificant p-value, showing a substantial improvement around the middle of the course;
however, the negative coefficient between the first and second exercise may also imply
that exercises 2 and 3 had, in practice, difficulty levels different than what originally
assumed, and that it would have been better to swap their position in the course to
have a more reasonable challenge progression. Given the fact that results regarding
correctness are mixed and most comparisons do not show statistical significance, the
null hypothesis 𝐻2.10

cannot be rejected, since the improvements regarding diagram
correctness over time are limited and not consistent enough.

As for syntax errors, there is a statistically significant increase in the passage from
the third to the fourth exercise: this exercise is the first to introduce advanced mod-
eling concepts such as message exchanges and events, together with multiple-pool in-
teraction, as part of the intended solution rather than an alternative option, making
understanding of the associated rules a mandatory skill needed to complete the exer-
cise. Overall, the presence of just one small statistically significant improvement and
one negative effect makes it not possible to reject 𝐻2.20

: long-term gamification use has
mixed effects on syntax knowledge acquisition for students.

Finally, the pairwise comparison between exercises shows a statistically significant
reduction in semantic error counts when moving from the second to the third exercise
followed by a significant increase when reaching the fourth exercise; the increase in
errors for the latter pair is consistent with advanced concepts becoming mandatory for
successfully completing an exercise, and the reduction of errors, while not significant,
can also be observed when reaching the final exercise, showing that students managed
to learn how to handle advanced concepts. The results are overall positive, showing
that gamification definitely leads to a reduction in semantic errors with relation to the
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beginning of the course, and also causes improvements over time; as a consequence,
𝐻2.30

can be rejected.

Answer to RQ2: Applying gamification over time yielded mixed results: diagram cor-
rectness improved over time, albeit not in a statistically significant manner, and the
order of two exercises with a different practical difficulty level than originally expected
also caused a significant drop in performance for the second exercise. Similarly, the
number of syntax errors was also not affected in a specifically positive or negative way,
with a reduction halfway through the course and a subsequent increase once advanced
topics became mandatory for completion. In turn, semantic comprehension benefited
greatly from the longitudinal use of BIPMIN, with significant reductions in error counts
for all exercises in comparison to the beginning of the course, and a moderate increase
with the introduction of complex topics.

A questionnaire was provided at the end of the course to collect the students’ per-
ception of the longitudinal experience and answer the sub-questions that compose RQ3.
RQ3.1 dealt with the students’ perception of the BIPMIN tool’s usability and was mea-
sured with the TAM questionnaire, used to assess the general perception of the tool, as
well as with the GAMEX questions to measure how students interacted with the tool
during the course. The latter questionnaire was included as a particularly important set
of questions, given its inclusion in the original 2023 empirical study. Given the neutral
results obtained with the original study, the intention was to observe whether the im-
proved version would be able to achieve a better distribution of the students’ opinions,
justifying the tool’s rework. The distribution of answers to both questionnaires, com-
puted as the average answer given by students for each construct of the questionnaires,
can be seen in Figure 5.6.
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(a) Distribution of answers to the TAM questionnaire

(b) Distribution of answers to the GAMEX questionnaire

Figure 5.6: Distribution of students’ average opinions for RQ3.1 constructs

Answers given to the TAM questionnaire are, overall, quite positive: all four con-
structs obtained a positive assessment according to at least 65% of the students, high-
lighting a satisfactory implementation and presenting an easy-to-use application. The
Attitude towards Usage construct is particularly encouraging, with three-quarters of the
students expressing a favorable general opinion, implying that most students were en-
couraged to use BIPMIN and, consequently, to perform modeling assignments. The
low negative scores for the two lesser-ranked constructs (Behavioral Intention to Use
and Perceived Usefulness) remain at a reasonable 8%: the resulting interpretation is that
most of the students believed that gamification was an effective and interesting addition
to the BPMN modeling part of the course.

The distribution of answers given to the GAMEX questions is also a positive result:
a noteworthy result is the fact that Enjoyment, the third-ranked construct in the origi-
nal study, became the most appreciated one with 57% of the students having a positive
opinion, meaning that the revised BIPMIN made the modeling experience much more
enjoyable compared to the prototype. Other constructs that were originally identified
such as Creative Thinking and Dominance also saw an overall improvement, moving
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from 25% and 22% to 35% and 27% respectively: while these values are still not par-
ticularly high, the relative improvement means that at least one of the original limita-
tions was overcame, since the tool now allowed for more freedom of action and student
control than before. Possible Negative Effects remained the construct with the high-
est percentage of disagreeing students, a positive result given its negative connotation,
meaning that the new version managed to keep the friendly and non-frustrating user
experience of the original version.

Answer to RQ3.1: The answers to the TAM questionnaire show that BIPMIN was
perceived as an easy-to-use tool by the students, with most of them agreeing on its
usefulness in the context of modeling education. Most of the limitations that emerged
from the answers given to the GAMEX questionnaire in the original 2023 study were
resolved with the revised version, with enjoyment becoming a much more appreciated
construct and the freedom of action and support for creative thinking also improving;
the originally low perception of negative effects such as frustration and hostility was
also confirmed with the new version, signifying an effective rework that addressed lim-
itations found in the students’ perception of the original prototype.

RQ3.2 was measured with a set of questions focused on the game mechanics, simi-
lar to those used for the 2024 UMLegend study described in Chapter 4: for these ques-
tions, the average answer was computed for each game mechanic, while considering
the opposite answer for the question related to the distracting effect, due to its negative
connotation; the distribution of answers related to the mechanics is shown in Figure
5.7.

Figure 5.7: Distribution of answers related to the different game mechanics
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The distribution of answers is overall quite positive, with half of them obtaining
at least 50% positive answers, and with the three mechanics with the lowest appreci-
ation score still achieving success with around one third of the students. In line with
the results obtained in the 2023 study with the questions related to game mechanics,
the two most appreciated elements are diagram-based feedback and indicators, rein-
forcing the idea that direct, actionable assistance whose purpose is to guide students
toward correct modeling is an effective and appreciated strategy to adopt in a gamified
tool. The three mechanics that obtained a similarly positive score are also mechanics
that reinforce this concept: error lists were appreciated by two thirds of the students,
and feedback lists and hints are also worth noting due to having only 10% of negative
opinions, with the latter also obtaining a total of 0% of Strongly Disagree average score,
showing the importance of supporting mechanics that replace human assistance in a
longitudinal context, one of the original goals behind the development of the gamified
tools described in these chapters. Finally, the low appreciation of the longitudinal me-
chanics, such as avatar customization and leaderboards, is somewhat surprising since
these mechanics were not present in the 2023 study and were better received in the
single-session UMLegend study than in the longitudinal one: a possible interpretation
may come from the division into a relative leaderboard and one showing the top stu-
dents in the BIPMIN tool, while UMLegend showed all students together. Not having
any indication of one’s standing among the entire classroom may have made the me-
chanic feel less motivating; furthermore, the risk of leaderboards losing novelty over
time may also be a reason to consider for the relatively low appreciation.

Regarding the students’ perception of the longitudinal effects of BIPMIN, a total of
four questions were included in the questionnaire: no average value was computed for
these questions, taking each student’s answers to compute the distribution of opinions,
which is shown in Figure 5.8.

All four answers show a general positive trend among students: most of them felt
that, by using BIPMIN, they managed to learn the fundamental modeling rules and
concepts, and 77% of them stated their belief that continuous use of the tool helped
them improve their knowledge. A vast majority of the students also stated that BIPMIN
was not their sole focus during the course, and that the gamified tool did not distract
them from other activities.

Answer to RQ3.2: The students’ perception of the game mechanics was mostly posi-
tive, and confirmed the findings of the original 2023 study: themost effective mechanics
are those that guide them toward completion and help them understand good modeling
practices by pointing out errors and correct choices; the relatively low appreciation of
mechanics conceived for long-term use in a longitudinal context implies a need to re-
design them for future use. The perception of longitudinal use was also positive, since
students felt the positive effect of the tool for learning modeling practices, the reasons
behind errors, and a low distracting effect, making sure BIPMIN was not the sole focus
of the learning process, allowing for interaction with other topics as well.
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Figure 5.8: Distribution of answers related to the longitudinal usage of BIPMIN

Two open questions were included to answer RQ3.3, with one of them asking for
suggestions about possible improvements and another asking for how to better inte-
grate BIPMIN in the course activities; following the open coding process, a total of 138
answers to the first question and 99 for the second were found to contain no suggestion,
and were thus not considered. The set of topics found in the two questions can be seen
in Figures 5.9a and 5.9b.
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(a) Student suggestions related to improvement areas

(b) Student suggestions related to course integration

Figure 5.9: Results of the open coding procedure on the answers given to the two open-
ended questions

By observing improvement areas, it appears that the most common suggestion is to
improve the evaluation engine, with 47 students asking for such a change: while the
new version used for the longitudinal study was completely reworked to be more flex-
ible and better identify errors and correct modeling choices, certain limitations were
still in place, particularly concerning the need for synonyms to express element names.
Live observation of the tool during lab activities showed multiple cases where students
would use semantically correct phrases to label names and still receive no match due
to certain words not being recognized (e.g., a task labeled Apply for internship in the
reference solution with Ask for internship as a valid synonym represented with Request
internship not marked as a match due to the label not being included in the structure);
this can be seen less as a limitation of the evaluation engine and more of a limitation in
the solution definition approach, which requires teachers to identify as many variants
as possible to express the same set of requirements. Other suggestions focused on en-
hancing the feedback even further, reworking game mechanics by adding competition
and cooperation elements, or quality of life features such as automatic saving, allowing

150



5.4 – Empirical evaluation of the long-term usage

to see an exercise’s requirements together with the modeler, or sharing diagrams with
the teachers to receive direct comments.

Regarding suggestions for better course integration, the most common suggestion
was oncemore related to the evaluation engine, highlighting the need for amore careful
definition of the reference solutions to improve the students’ learning experience; other
relevant suggestions depended on the dissonance between practical exercises and the
rest of BPMN-related activities such as theory lectures and the project work, which
were performed with the non-gamified Signavio Academic platform. Many students
reported the wish for a more complete integration of the gamified approach, including
some asking for similar tools for the other modeling assignments, suggesting the need
to integrate the two developed tools into a single platform.

Finally, one student raised a critical issue by stating the avatars’ implementation
as stereotyped and, in their interpretation, offensive: the randomly generated starting
avatar was criticized with the effort to create more representation was just a very general-
ized approach which made me feel very stereotyped as an Arab woman who doesn’t come
from aMuslim nor African background. Future work on the tool will require attention to
how avatars are managed, perhaps with the introduction of a default state for avatars or
with stylized, non-human options, to ensure the experience is as inclusive as possible
and does not reinforce biases or stereotypes.

Answer to RQ3.3: The students’ suggestions highlighted that the evaluation engine,
while improved from the original implementation, still needs attention and develop-
ment efforts, mainly from the point of view of how solutions are defined, in order to
ensure most of the alternative options are covered. Adopting a gamified tool for prac-
tical assignments only, while performing theory lectures and group activities with a
different tool, also led to a dissonant situation, making students wish for gamification
to be applied to the entire course curriculum, including lectures and other modeling
notations. Moreover, the avatar system may risk reinforcing stereotypes and appear as
offensive to students, implying careful corrective actions to make the user experience
more inclusive.

5.4.4 Threats to Validity
The threats to validity for the longitudinal study are discussed in this section following
the taxonomy introduced in Section 2.4 [128].

Threats to internal validity: the students’ background and abilities may have in-
fluenced the grades and the metrics achieved in the exercises; the constant increase in
the five exercises’ difficulty has been applied to mitigate the threat, trying to ensure that
students could manage solving harder exercises by acquiring skills during the course.
The comparison of grades between different academic years also introduces a threat
due to differences over the student cohorts: regarding the exam grades, the format
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of the questions was kept as similar as possible between the years to ensure consis-
tency; the project work, instead, was executed differently in the 2023 course, where it
was an individual assignment, while the 2024 project work was performed in student
groups. Grades were normalized to account for the different formats, but this may still
have influenced the distribution of project scores. Additionally, students may have had
previous knowledge of BPMN modeling, potentially impacting their grades and their
scores in the exercises; this latter threat is something that could not have been tested
and accounted for.

Threats to external validity: the results have been obtained in the context of
a Masters’ course; it may not be possible to generalize the findings to other learning
environments or to professional/industrial environments.

Threats to construct validity: learning outcomes were assessed with grades of
two specific learning activities; other measures, such as periodic assessments through-
out the course, may have also been valid to represent knowledge progression. Regard-
ing progression over time assessed with diagram-related metrics, other criteria to mea-
sure diagram correctness may have also been used, as well as different semantic rules
in addition to the ones implemented in the automatic evaluator.

Threats to conclusion validity: the Wilcoxon tests performed to answer RQ1
are non-parametric, and thus have no statistical prerequisite. The linear mixed models
used to answer RQ2 are parametric: while these models are robust enough to tolerate
moderate departures fromnormality, given the sample sizes involved in the analysis, the
assumption cannot be formally verified and constitutes a residual threat. The analysis
performed for RQ2 also assumed that all exercises were performed in their intended
order, but there may have been students who tried them differently.

5.5 Key Findings and Lessons Learned
The longitudinal study with the new version of BIPMIN was conducted to conclude the
work described in the two preceding chapters, by describing the revised version of the
tool developed in parallel with another tool according to the same design choices, trying
to address and overcome the limitations that emerged with the 2023 study. The experi-
ment was conceptualized with the goal of verifying whether gamified BPMN modeling
education, which had shown promising results in a single session compared to classi-
cal modeling, could maintain similarly good results and lead to improvements in the
students’ performance and their perception of the topic.

Continuous exposure to a gamified tool led to positive student reception, with the
tool being perceived as more useful, enjoyable, and effective compared to its earlier
version, whose student appreciation was more toward the neutral side. While students
appreciated the tool more, game mechanics intended for long-term use did not achieve
as much success as anticipated, hinting at the need for a redesign of such mechan-
ics, perhaps with the introduction of social aspects that let students create their own
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sub-groups with private leaderboards, allowing for more direct competition, and col-
laboration mechanics may also be explored as a future option.

The assessment of the students’ opinions also confirmed the perception of gameme-
chanics that had emerged with the two studies described in Chapters 3 and 4: students
preferred mechanics such as direct diagram feedback and feedback lists that could give
precise guidance on the correct parts of their diagrams and the existing errors with sug-
gestions on how to fix them; the development focus on expanding these mechanics is
thus confirmed as a valuable addition, hinting that development of future gamified tools
for software engineering education should focus on quality and specificity of feedback
explanations with automated assessment of the students’ produced artifacts in addition
to competitive or cosmetic mechanics whose rewarding effect may fall short over time.

Furthermore, gamification also brought benefits beyond higher student engagement
with modeling assignments, leading to an increase in grades for BPMN tasks in the end-
of-course evaluations, showing a valuable positive effect that suggests further study
concerning gamification of modeling education. Educational benefits were also ob-
served over time, with students improving their ability to represent correct diagrams
compared to the beginning of the course and reducing the number of their errors, sug-
gesting that, by using the tool, students were able to gain a correct understanding of
BPMN fundamentals and to put those lessons learned to good use.

Not all limitations that had emergedwith the 2023 studywere completely addressed,
however: despite a complete redesign, the evaluation engine remained a severe limi-
tation, due to cases where semantically valid modeling choices were not accepted as
matched because of lexical differences, varying phrases, or unexpected synonyms, caus-
ing a reduction in student engagement due to unfair penalization. A similar issue had
been identified with the empirical study performed with UMLegend, signifying the ne-
cessity to enhance the two tools with new strategies to define solutions beyond the
scope of what a limited group of teachers may expect as correct, as well as more de-
tailed evaluation methodologies that exploit textual semantic matching to analyze stu-
dent artifacts. The use of Large Language Models, with their ability to process, handle,
and produce textual content, may be an effective strategy to adopt, and research activ-
ities started towards the end of the longitudinal study to explore such capabilities and
how to integrate them into the existing tools.

As a final remark, the use of a gamified tool for a single course topic (and for practical
assignments only) was identified by multiple students as a key area for improvement,
mentioning the cognitive overhead caused by using different tools and having to adapt
to them. The parallel development of the two tools was organized with the end goal of
producing a single gamified environment able to support multiple software modeling
notations concurrently: findings confirm the importance of this goal, and future re-
search directions should be focused mainly on achieving the integration of these tools,
together with the development of new ones for other relevant SE topics.
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Summary of the BIPMIN longitudinal study

The longitudinal study performed with BIPMIN showed that gamification can
help students improve their BPMN knowledge, leading to higher grades in ad-
vanced modeling tasks and better understanding of fundamental rules, as well
as small improvements in performance over time, with fewer errors and higher
diagram correctness. The long-term use of the tool was also better received by
students compared to the original single-session study, with noticeable improve-
ments in the perception of enjoyment and creative freedom; mechanics that have
a direct impact on learning were confirmed as the most appreciated and effec-
tive, confirming the importance of clear feedback as the most effective aspect for
gamified tools to focus on. However, the new evaluation engine still had certain
limitations that hindered certain aspects of the students’ experience, and warrant
the exploration of other strategies to enhance the two tools, which should also
converge into a single educational environment for complete classroom use.
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Chapter 6

Intelligent Agents for Software
Modeling Tasks

The three empirical studies described in the previous chapters highlighted the strength
of gamification as a motivator for student engagement, as well as an effective tool to
support academic growth by increasing diagram quality and grades. The limitations
tied to the two tools’ evaluation systems, however, reduced their potential benefits,
pointing to the need to find a way to extend the set of available solutions beyond the
scope of synonyms and structures that can be identified by a single human.

Additionally, the diffusion of large language models was becoming more and more
common during the 2023-2024 academic year, showing several benefits and applications
in the software engineering domain, such as code generation and testing. Since the use
of LLMs for model-based engineering activities was still a relatively unexplored area
in Autumn 2023, a new research direction was undertaken, with the goal of identify-
ing ways in which intelligent agents could be used to support MBE activities such as
diagram generation or evaluation.

For this purpose, two different research projects began in Autumn 2023, first asMas-
ter theses and then as complete studies, with the goal of observing an LLM’s ability to
generate valid diagram content, aiming to observe whether significant differences ex-
isted between the LLM-generated artifacts and student-produced diagrams: exploring
this research area would provide insights on how agentic tools could be integrated in
the teaching process and also derive guidelines for students on how to make better use
of such tools. These two studies, focused respectively on UML class diagrams and UML
use case diagrams, were presented in [31] and [53].

Following the results of these two studies, a third one was launched to implement a
new software that could enhance the solution definition process for class diagrams by
introducing LLM support: the architecture was created to be compatible with the Apol-
lon library and create solution drafts starting from textual descriptions, both as editable
diagrams and as data structures to be used with the evaluation engine. A preliminary
proof of concept analysis was performed with two exercises, comparing the produced
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output diagramswith the reference solutions of existing exercises, identifying the limits
of the architecture, and allowing for the definition of next steps that guide the research
activities to be performed after the end of the PhD. The new assistant was described in
[49].

Lastly, the findings from the first study led to subsequent theses that went beyond
the original goal: instead of comparing human-made diagrams with those generated
by a single architecture, new works were defined to compare multiple architectures on
the same sets of requirements, with the goal of defining effective prompting strategies
to enhance the solution-creating tool. One of these theses was then converted into a
research article and presented in [52].

6.1 Study 1: EvaluatingAutomaticallyGeneratedUML
class diagrams

The first study started as a thesis in Autumn 2023, and had the goal of comparing an
LLM’s ability to generate class diagrams in comparison to a student. The goal of the
study was to observe whether there were certain areas where an agent could perform
similarly to human solvers, or potentially even areas where it could outperform them.
A controlled experiment was conducted using the data obtained with the thesis work to
evaluate the LLM’s ability against the human solver, with the design being formulated
using the Goal-Question-Metric template according to Table 6.1, expressing the goal as
analyzing the use of LLM agents for the purpose of comparing the quality and correctness
of generated UML Class Diagrams from natural language requirements, from the point of
view of Software Modeling instructors.

Table 6.1: GQM Template for the study comparing LLMs and human solvers on UML
class diagrams

Object of study Usage of LLM agents
Purpose Comparing artifacts
Focus Diagram quality, semantic correctness
Context Definition of UML Class Diagrams
Perspective Software Modeling Instructors

6.1.1 Study Design
The first step to conduct the study was to collect exercises with which to compare
LLM-generated and student-produced diagrams; exercises were selected from various

156



6.1 – Study 1: Evaluating Automatically Generated UML class diagrams

online sources, such as educational books for teaching UML, university course mate-
rial available online, or open-source examples shared by developers and practitioners.
The inclusion criteria were that exercises needed to have a natural language description
written in either English or Italian, and they had to be accompanied by a class diagram
showing the intended reference solution. A total of 20 exercises were retrieved, cover-
ing several application domains and with a range of difficulties, allowing for multiple
levels of comparison.

Certain constraints were defined before conducting the study on both the student
side and the LLM side, to ensure all exercises would be solved with the same conditions.
Regarding the student side, all 20 exercises were solved by the student for their thesis
work with constraints set to simulate a real-life exam setting: a maximum of 30 minutes
could be spent on solving each exercise, with neither any interaction with other people
nor the use of any external sources such as textbooks, notes, or internet queries allowed.
Diagrams were produced with the Microsoft Visio modeling tool.

Regarding the LLM, the model selected was OpenAI’s ChatGPT-4, one of the best-
performing models at the time the study was conducted in Autumn 2023. No specific
prompt engineering strategy was adopted, but rather, a simple prompt stating the goal
and the format was employed:

“Create a UML Class Diagram of the given exercise and give me the PlantUML
code”, followed by the text of the exercise.

The generated PlantUML code was then rendered graphically to generate image
files, which were then used for the comparison with the corresponding student dia-
grams.

6.1.2 Research Questions and Metrics
The experiment was structured around two research questions:

RQ1: Does the use of LLM agents have an impact on the quality and correctness of
UML Class Diagrams generated from natural language requirements?

RQ2: What aspects of the natural language requirements have an impact on the quality
of the generated UML Class Diagrams?

Diagram quality was measured according to the three dimensions identified by the
framework by Bolloju and Leung [14], where, for each dimension, the total count of
corresponding errors was computed. This meant identifying syntax errors such as the
absence of multiplicity values or names in associations, the absence of attribute types,
or the use of incorrect UML symbols, semantic errors such as incorrect values for a
given association, the use of incorrect relationship types, incorrect attribute or method
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placement, ormethods that could not be derived from relationships and attributes; prag-
matic errors instead included redundant attributes or associations, specialization rela-
tionships with no way to distinguish subclasses, or style and layout inconsistencies
in the graphical representation of the diagram. These three metrics can be computed
through visual assessment of the diagrams, and syntax and pragmatic error counts can
be computed without any comparison with a reference solution, since they refer to
intrinsic quality conditions that are applicable to any class diagram.

A fourth metric used to answer RQ1 consisted of a correctness measure equivalent
to the semantic distance from each exercise’s reference solution, computed using the
method described by Nikiforova et al. [96]: four separate distance vectors were com-
puted for each dimension of the diagrams (classes and interfaces, attributes, methods,
and relationships), leading to their aggregation into a single vector which was then
used to calculate a scalar value equal to the distance between a given diagram and the
reference solution; this value was then used to asses how close a diagram was to the
reference, with lower distances identifying a more correct diagram and a distance of 0
identifying a semantically equivalent one.

RQ2, instead, focused on how certain aspects of the reference solutions and of the
exercise descriptions could impact the solutions generated by the LLM: these aspects
were the diagram Size, computed as the sum of classes, attributes, methods, and associ-
ations in the reference solution, the Estimated difficulty computed by three independent
raters (the PhD candidate, the Master thesis student who performed the original work,
and one of the PhD supervisors) and assessed before generating diagrams as the average
of their rate expressed with a 1 (Easy to understand) to 5 (Hard to understand) Likert
scale, and the Readability, computed as the Flesch-Kincaid ease of readability score of
the original description of each exercise [116]. Reference measures were computed for
the three metrics for each exercise, and are summarized in Table 6.2.

6.1.3 Analysis Method
Four null hypotheses were formalized to answer RQ1:

• 𝐻0_𝑠𝑦𝑛: The human or LLM-based generation of UML diagrams has no impact on
the resulting syntactic quality;

• 𝐻0_𝑠𝑒𝑚: The human or LLM-based generation of UML diagrams has no impact
on the resulting semantic quality;

• 𝐻0_𝑝𝑟𝑎𝑔: The human or LLM-based generation of UML diagrams has no impact
on the resulting pragmatic quality;

• 𝐻0_𝑐𝑜𝑟𝑟: The human or LLM-based generation of UML diagrams has no impact
on the correctness of the diagram.

158



6.1 – Study 1: Evaluating Automatically Generated UML class diagrams

Table 6.2: Characteristics of the 20 exercises used in Study 1.

Exercise Classes Attributes & Methods Associations Estimated Difficulty Flesch-Kincaid score

1 6 17 7 2.33 45.9
2 6 35 5 1.33 55.2
3 7 12 8 4.67 67.5
4 6 31 7 3.33 41.1
5 8 18 11 2.33 48.4
6 9 12 12 3.67 66.4
7 6 5 7 1.00 58.6
8 7 11 8 2.00 49.4
9 9 13 10 2.67 54.7
10 7 15 7 2.67 59.1
11 6 11 9 3.33 55.4
12 6 11 5 2.33 53.8
13 8 19 8 1.67 58.0
14 5 12 5 2.67 59.6
15 8 6 8 4.33 74.5
16 11 13 13 3.00 60.0
17 8 5 8 2.33 53.1
18 6 10 6 1.67 60.9
19 9 20 9 4.00 54.5
20 10 28 10 4.67 60.8

For each hypothesis, a one-way ANOVA test was applied, considering the solver
type (either human or LLM) as the independent variable and each of the four RQ1 met-
rics (error counts for syntax, semantic, and pragmatic quality, and semantic distance)
as the dependent variable for the analysis. Bonferroni correction was applied to reduce
the risk of Type-1 errors and have false positives, since four independent tests were con-
ducted; as a consequence, the significance threshold was set to 𝛼𝐶 = 0.05/4 = 0.0125.

The analysis performed to answer RQ2, instead, relied on the results obtained with
RQ1: in case significant differences among the quality metrics emerged from the sta-
tistical comparison, the goal was to observe whether size, readability, or difficulty had
an influence on the affected quality dependent variable. It was decided to perform this
analysis with a linear regression between all independent RQ2 variables and any result-
ing quality factor, with the main interest being the effect sizes rather than the p-values,
given the low statistical power of the sample data; Bonferroni correction was applied
in this case as well, however.

159



Intelligent Agents for Software Modeling Tasks

6.1.4 Results
Descriptive statistics for the four quality metrics associated with RQ1 are presented
in Table 6.3: counts for syntax, semantic, and pragmatic errors, as well as semantic
distance values, are grouped according to both the Human and LLM performance, and
minimum, maximum, mean, median, and standard deviation are reported; the graphical
distribution of the four metrics can be observed in Figures 6.1a, 6.1b, 6.2a, and 6.2b.

Table 6.3: Descriptive statistics for quality metrics in Study 1.

Human LLM

Metric Min Max Mean (SD) Median Min Max Mean (SD) Median

Syntactic errors 0 4 0.50 (1.14) 0 0 2 0.90 (0.79) 1
Semantic errors 0 7 1.75 (1.80) 1 0 14 4.85 (3.28) 5
Pragmatic errors 0 4 1.10 (1.12) 1 0 3 1.60 (0.94) 1.5
Distance 0.87 10.20 5.01 (2.36) 4.24 2.24 11.54 7.25 (2.86) 7.75
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(a) Box and violin plot for the count of Syntax Errors

(b) Box and violin plot for the count of Semantic Errors

(c) Box and violin plots for RQ1 metrics in the first study (separated
for readability)
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(a) Box and violin plot for the count of Pragmatic Errors

(b) Box and violin plot for the Semantic Distance

Figure 6.2: Box and violin plots for RQ1 metrics in the first study (separated for read-
ability)

Overall, it can be observed that the LLM agent performed worse compared to the
human solver in all four metrics, with the highest difference being observed for the
number of semantic errors, where ChatGPT obtained an average error count of 4.85,
which is almost three times higher than the average count obtained by the student
(1.75); maximum and median scores also accentuate this disparity, given a difference
of 7 to 14 and 1 to 5, respectively. The reasonable assumption is that LLMs perform
worse compared to humans when it comes to representing domain-specific details. The
performance related to syntax and pragmatic errors is more balanced, however, with
much lower differences in the average values for both counts.

The ANOVA tests performed on the three error counts yielded a p-value of 0.206 for
syntax errors, one of 6.7e-4 for the semantic count, and a p-value of 0.134 for pragmatic
errors. The only statistically significant result is the second one: with the much lower
average performance achieved by the LLM, the null hypothesis 𝐻0_𝑠𝑒𝑚 can be rejected,
and it can be assumed that LLM agents are not yet able to produce class diagrams whose
semantic quality is comparable to human-produced ones. The p-values related to the
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other two error metrics, instead, were not statistically significant, which means that
ChatGPT can potentially display understanding of UML modeling rules and practices
similar enough to those obtained by a student with sufficient knowledge.

Regarding semantic distance, the difference between the human solver and the LLM
is once again prominent: the average distance is almost 50% higher for the LLM agent
and, in most exercises, the human solver managed to achieve a lower distance from the
reference solution, suggesting a better ability to adequately represent the domain. Fig-
ure 6.3 plots the distances obtained by the two solvers across the 20 exercises: the LLM
managed to outperform the student in two exercises and achieved the same distance in
one. It is worth noting that these exercises exhibit a low number of elements in their
reference solutions, although with variable estimated difficulty and readability scores:
a low number of required elements may have been easier for the LLM to grasp and lead
to more correct diagrams.

The statistical test performed on the semantic distance obtained a p-value of 0.0102,
which is lower than the Bonferroni-adjusted threshold: as a consequence, 𝐻0_𝑐𝑜𝑟𝑟 can
be rejected, and it can be stated that LLMs perform worse when it comes to producing
diagrams closer to an intended reference.

Answer to RQ1 (Study 1): The LLM solver performed significantly worse than the
human in both semantic error count and semantic distance, showing a much lower
ability to represent the details of the intended domains. The non-significant differences
related to syntax and pragmatic quality indicate that, while still performing worse than
a human expert, the agent presents a good understanding of UML modeling rules.

The analysis identified statistically significant differences for the count of semantic
errors and for the semantic correctness: these two metrics were thus selected as the
dependent variables for RQ2, with the three size measures (classes, attributes+meth-
ods, associations), the estimated difficulty, and the Flesch-Kincaid readability score as
independent variables. However, before conducting the linear regression, a correlation
matrix among the independent variables was computed to assess whether there were
any that needed to be removed due to dependence among others; the correlation matrix
is shown in Table 6.4.

Table 6.4: Correlation matrix of the independent variables for RQ2 in Study 1.

Classes Attributes & Methods Associations Estimated Difficulty Flesch-Kincaid score

Classes 1.000 0.034 0.851 0.439 0.270
Attributes & Methods 1.000 -0.080 0.073 -0.397
Associations 1.000 0.411 0.151
Estimated Difficulty 1.000 0.403
Flesch-Kincaid score 1.000
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Figure 6.3: Dumbbell plot showing the semantic distances obtained in the first study by
the two solvers (Human vs. LLM)

Associations showed a high correlation level with classes, suggesting a strong lin-
ear association between them, leading to the exclusion of association from the set of
independent variables used for the RQ2 analysis; the results of the linear regression are
presented in Table 6.5, where, for each pair of independent and dependent variables,
the estimate and the obtained p-value are reported. Given a total of 16 comparisons,
the p-value threshold for significance was set as 𝛼𝐶 = 0.003125 following Bonferroni
correction.

The number of classes has a positive impact on both variables for both the human
solver and the LLM: none of the coefficients are significant, however, implying that,
while a higher number of classes can lead to an increased frequency of errors, both the
student and the agent were able to correctly represent the main necessary elements in
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Table 6.5: Linear regression results for RQ2 in Study 1 (significant p-values are in bold).

Classes Attributes & Methods Estimated Difficulty Flesch-Kincaid score
estimate SD p-value estimate sd p-value estimate sd p-value estimate sd p-value

Human Semantic errors 0.37 0.25 0.16 -0.08 0.05 0.14 0.83 0.35 0.03 0.13 0.05 0.01
Distance 0.49 0.33 0.15 -0.03 0.058 0.72 1.67 0.34 1.0e-4 0.13 0.07 0.06

LLM Semantic errors 0.33 0.48 0.50 0.03 0.09 0.78 1.58 0.59 0.01 0.12 0.10 0.23
Distance 0.63 0.39 0.13 0.13 0.08 0.08 1.84 0.46 8.1e-4 -8.0e-4 0.09 0.99

an UML exercise, even in cases with a high number of classes.
The sum of attributes and methods, instead, achieved a negative correlation with

both dependent variables for the results obtained by the human solver: the interpre-
tation is that, generally, humans tend to identify and derive attributes from natural
language descriptions, making it easier to identify them and thus reducing the count of
errors the more attributes are present in the reference solutions, which were in certain
cases expressed in a minimal form, with only a subset of mandatory attributes among
those that could be inferred from the descriptions.

The average estimated difficulty provided statistically significant p-values for the se-
mantic distance for both the human solver and the LLM agent, with positive estimates
in both comparisons, implying that exercises that are recognized as more complex by
domain experts are, in fact, harder to represent correctly; the slightly higher estimate
for the LLM-generated exercises implies that agents struggle more with conventionally
harder exercises. The Flesch-Kincaid score had no significant impact on any variable;
consequently, the readability of the requirements cannot be stated as a proxy for mod-
eling exercises’ difficulty.

Answer to RQ2 (Study 1): The linear regression showed that classes had a positive
effect on both metrics, albeit not significant, implying that diagrams with more neces-
sary concepts are harder to represent for both solvers. Similarly, the estimated difficulty
computed by expert evaluators led to significant increases in semantic distance for both
solvers, showing that LLMs struggle with harder exercises similarly to how humans do.

6.1.5 Threats to Validity
Threats to internal validity: the exercises selected for the study served as the cor-
rectness benchmark, and are thus the main cause of concern for the internal validity of
the study. Solutions may be incomplete with regard to the original description, exces-
sively detailed, or simplistic, and consequently impact the computation of the semantic
distances performed after the human assessment of the produced diagrams. Addition-
ally, the somewhat limited prompt used for the LLM is also a threat, since other, more
detailed prompts may have yielded better results and more correct diagrams; similarly,
the unreliability of the LLM used for the study (ChatGPT-4) is another potential threat,
since asking the same question to a different instance may lead to different results.
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Lastly, a single human solver performed all exercises, and that solver was the student
who performed the original thesis work, introducing a bias in the exercises’ correctness.

Threats to external validity: the sample of class diagram exercises was gath-
ered from different educational sources, and the findings may not be generalizable to
other types of modeling assignments. The selection of exercises aimed to cover multi-
ple domains and include exercises with varying semantic content and difficulty level, to
counteract this threat. The low sample size also limits the generalizability of the results.

Threats to construct validity: the produced solutions were evaluated following
grading criteria and approaches widely adopted in research literature. It may, however,
be possible to have used a different approach, such as additional syntax and semantic
grading rules, and the methods used to assess diagrams are tailored for human solvers;
they may not be suitable for LLM agents. Moreover, the evaluation procedure imple-
mented in the UMLegend tool may have been adopted in this scenario as well, possibly
yielding different results. An extension of the study that involves a bigger set of exer-
cises and employs different evaluation strategies should be performed as future work
to finalize the results.

Threats to conclusion validity: the limited sample size of 20 exercises affects the
ability to support the conclusions drawn from the study, and a more extensive set of
exercises should be used to extend the study to assess whether the results obtained are
actually consistent.

6.1.6 Key Findings and Lessons Learned
The results show that an LLM, namely ChatGPT-4, with a single, unstructured, zero-
shot prompt, can produce class diagrams that are structurally correct, readable, and
understandable: the absence of significant differences for syntax and pragmatic errors
shows that LLMs achieved a good understanding of class diagrams’ formal grammar
rules, leading to the creation of structurally valid diagrams.

However, a statistically significantly worse performance for both semantic errors
and distance shows that the model struggles to interpret and represent domain charac-
teristics that may not be explicitly stated in the textual requirements. This dissonance
between knowledge of syntax criteria and lack of semantic understanding suggests that
LLMs struggle with domain-dependent constraints, and may not yet be effective for
generating complete diagrams in an educational context (e.g., examples of correct mod-
els, solutions for assignments), or even for industrial use during requirements definition
or design specification.

Furthermore, the analysis on which of the exercise characteristics impacted quality
metrics that showed significant differences showed that only estimated difficulty, de-
rived from expert judgment, had a significant impact on quality, rather than the size of
the reference solutions or the readability score of the textual requirements. The impli-
cation is that the cognitive challenge tied to modeling exercises is not tied exclusively
to textual metrics but also requires domain intervention: as a consequence, integrating
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LLMs in model generation tasks should not rely exclusively on a description or a set of
requirements, but additional guidance and annotation should be included to produce
higher-quality models.

Summary of Study 1

The comparison of LLM-generated and student-produced class diagrams showed
that intelligent agents achieve knowledge of syntax rules comparable to human
solvers, but struggle more when it comes to semantic quality and the ability to
represent domain-specific requirements, with harder complexity affecting the
produced diagrams’ correctness. LLMs could be used to assist diagram gener-
ation but, without expert guidance and more complete prompts, the produced
artifacts may only be used as preliminary drafts in educational contexts rather
than complete solutions, since single-shot prompts struggle with more complex
exercises and produce qualitatively valid diagrams only with simple sets of re-
quirements.

6.2 Study 2: EvaluatingAutomaticallyGeneratedUML
use case diagrams

The second study followed a similar design and approach as the first one, being concep-
tualized as an equivalent Master thesis, first focused on UML use case diagrams as the
modeling notation; once more, the purpose of the thesis was to observe whether differ-
ences could emerge in the diagrams produced by an LLM compared to how a human
would represent the same set of requirements. The Goal-Question-Metric template was
used to design the study, expressing the goal as analyzing the use of LLM agents for the
purpose of comparing UML Use Case Diagrams generated from natural language require-
ments with human-made ones, from the point of view of Software Modeling instructors.
The summary of the study following the GQM template is presented in Table 6.6.

Table 6.6: GQM Template for the study comparing LLMs and human solvers on UML
use case diagrams

Object of study Usage of LLM agents
Purpose Comparing artifacts
Focus Diagram completeness, redundancy
Context Definition of UML Use Case Diagrams
Perspective Software Modeling Instructors

167



Intelligent Agents for Software Modeling Tasks

6.2.1 Study Design
Exercises focused on use case diagram creation were selected from existing educational
sources to conduct the study, with two inclusion conditions: a reference solution show-
ing the intended correct diagram had to be provided, and a textual description stating
the natural language requirements was also required, and said description had to be in
the English language. In total, 17 exercises were retrieved: for each of them, a count
of the elements present in the reference solution was computed to define the baseline
needed to assess the correctness of the produced output, considering actors, use cases,
inclusion, and extension relationships between use cases; the summary of these counts
is listed in Table 6.7.

Table 6.7: Characteristics of the 17 exercises used in Study 2.

Exercise Actors Use Cases Includes Extends

1 4 7 0 0
2 3 11 0 0
3 4 8 0 0
4 4 4 0 0
5 2 7 3 0
6 3 6 1 0
7 1 5 0 0
8 1 7 0 0
9 6 7 0 0

10 3 3 2 0
11 4 7 1 3
12 1 9 2 2
13 5 11 0 1
14 3 4 1 0
15 2 7 0 0
16 3 8 0 0
17 2 12 0 0

Similar constraints to those adopted in the first studywere used to guide the creation
of diagrams for both the human solver (the thesis student) and the LLM. The student
had up to 30 minutes to solve each exercise, without any external support, notes, or
internet access, and produced diagrams using the Signavio Academic suite. The LLM
agent selected to generate diagrams was, once more, ChatGPT-4, since the diagram
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generation process was performed inWinter 2023, when said model was still one of the
better performing LLMs; again, no specific prompting strategy was adopted, but the
request was slightly expanded to provide the context and specify certain additional re-
quirements (e.g., generalizations between actors, inclusion and extension of use cases).
The prompt used is as follows:

“The following should be textually analyzed, and a use case diagram created
containing several use cases. Identify the actors, use cases, and associations.
Please, use the user goal level approach. Also, please consider any possible
generalization relationship between use cases or between actors, and any pos-
sible ‘include’ or ‘extend’ relationship between use cases. Please give me the
PlantUML code for the use case diagram corresponding to the following text:
(TEXT)”

After a valid solution had been produced for all exercises, a manual evaluation was
conducted through a comparison with each exercise’s reference solution, performed by
the PhD candidate. The human evaluation did not only check for 1-to-1 equality with
the considered reference solutions, but also accepted modeling decisions that would
convey the same meaning, due to the nature of use case diagrams being more abstract,
and thus allowing for higher variations. The reference solutions were thus taken as
the blueprint showing the necessary concepts to represent, and the generated diagrams
were accepted even without using the same naming choices.

6.2.2 Research Questions and Metrics
Two research questions were formulated to frame the study design:

RQ1 Does an LLM agent generate UML Use Case Diagrams whose completeness differs
from human-produced ones?

RQ2 Does an LLM agent generate UML Use Case Diagrams whose redundancy differs
from human-produced ones?

Diagram completeness was measured in the form of a Completeness Rate, computed
as the ratio of elements (actors, use cases, include/extend relationships) in a generat-
ed/drawn diagram that matched a reference element over the total count of elements in
the corresponding reference solution. Actors were considered matching if their names
were equal, synonyms, or could be considered to represent the same user of the system
according to human judgment. Use cases were considered correct if two conditions
were verified: first, their names had to convey the same user goal, by either being equal
or similar enough according to textual interpretation. Then, actors associated with the
use cases would also have to match: two use cases would not be considered matching
if the reference actor for the use case did not have a matching actor in the produced
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diagram, or if such a matching actor does exist but does not perform the use case in
the produced diagram. Lastly, inclusion and extension relationships were considered
correct if, given a pair of reference use cases connected by such a relationship, a dia-
gram would contain matching use cases for the pair connected with the same type of
relationship, and with the same reading direction (e.g., if the reference diagram stated
that Use Case A extends Use Case B, the use case matching A would have to extend B,
and having B as an extension of A would be considered an error).

After identifying all matching elements in a diagram, the Redundancy Rate was com-
puted as the count of elements that did not match any reference element over the total
count of elements in said diagram. The point of this metric was to measure the LLM’s
tendency to hallucinate unnecessary elements and use that tendency as the measure of
comparison for human errors that come from misinterpreting requirements and intro-
ducing unnecessary components into diagrams.

6.2.3 Analysis Method
To answer the two research questions, two null hypotheses were formulated, one for
each question:

• 𝐻0_𝑐𝑜𝑚𝑝𝑙: The human or LLM-based generation of UML diagrams has no impact
on the completeness of the resulting diagrams;

• 𝐻0_𝑟𝑒𝑑𝑢𝑛: The human or LLM-based generation of UML diagrams has no impact
on the redundancy of the resulting diagrams.

For both hypotheses, aWilcoxon statistical test was performed, considering the cor-
rectness rate and the redundancy rate as the dependent variables, and the type of solver
(human or LLM) as the independent variable. Given the fact that two statistical tests
were conducted, Bonferroni correction was applied to counteract the risk of increasing
Type I errors due to the repeated comparisons: the statistical significance threshold was
thus set to 𝛼𝐶 = 0.05/2 = 0.025.

6.2.4 Results
Table 6.8 summarizes the statistics obtained for the completeness and redundancy rate,
listing minimum, maximum, mean, median, and standard deviation, grouped by human
solver and by LLM performance; Figure 6.4 presents the graphical distribution of the
two metrics.
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Table 6.8: Descriptive statistics for completeness and redundancy in Study 2.

Human LLM

Metric Min Max Mean (SD) Median Min Max Mean (SD) Median

Completeness Rate 0.29 1.00 0.82 (0.24) 0.91 0.36 1.00 0.73 (0.23) 0.75
Redundancy Rate 0.00 0.50 0.17 (0.16) 0.11 0.00 0.63 0.21 (0.21) 0.13

(a) Box and violin plot for the Completeness Rate

(b) Box and violin plot for the Redundancy Rate

Figure 6.4: Box and violin plots for metrics observed in the second study

It can be observed that, on average, regarding correctness, the human solver per-
formed better compared to the LLM, obtaining an average completeness rate of 82%
against 73%. It is interesting to observe the differences in performance per each exer-
cise, as shown by Figure 6.5: the LLM managed to reach the same completeness score
as the student in 5 exercises, with four of these also obtaining a 100% score, and, in two
exercises, the score obtained by the agent was in fact higher; the latter two exercises

171



Intelligent Agents for Software Modeling Tasks

also show a fairly high number of required use cases and actors, showing a good abil-
ity to capture key concepts. The Wilcoxon test obtained a p-value of 0.224, which is
not statistically significant: 𝐻0_𝑐𝑜𝑚𝑝𝑙 cannot be rejected, and it can be said that LLM
agents are not inherently worse than humans when it comes to producing UML use
case diagrams.

Answer to RQ1 (Study 2): No significant differences were observed in terms of the
correctness of the produced diagrams: while the LLM agent generally performedworse,
the ability to represent most of the necessary actors and goals suggests potential use of
the technology to produce preliminary diagrams that can become satisfactory following
human refinement.

(a) Dumbbell plot showing the differ-
ences in Completeness Rate for each
exercise

(b) Dumbbell plot showing the differ-
ences in Redundancy Rate for each ex-
ercise

Figure 6.5: Differences in performance observed in the second study

A similar performance was achieved with regard to the redundancy rate: for this
metric as well, the LLM performed slightly worse than the human solver (21% rate
against 17%), indicating that, on average, a fifth of the elements added by an agent are
not necessary to represent a correct diagram. The differences in performance with the
human solver were more balanced, as can be seen in Figure 6.5b: the LLM managed to
obtain a lower rate in four exercises, an equal rate in five, and also produced four ex-
ercises where all included elements were considered correct (0% redundancy rate). The
p-value obtained with the statistical test was 0.556, indicating no statistically significant
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difference between human and LLM performance: LLMs can be considered comparable
to humans when it comes to adding incorrect elements to their use case diagrams.

An observation of both metrics in conjunction showed that the student outper-
formed the agent in most cases, producing eight diagrams with maximum complete-
ness, four with 0 redundancy, and two diagrams with both conditions true at the same
time, while the LLM only managed to produce 4 diagrams with maximum completeness
and four with no redundant elements; no LLM diagram could be considered completely
correct by having both 100% completeness and 0% redundancy.

Answer to RQ2 (Study 2): The redundancy rates achieved by the agent were compa-
rable with the student’s performance, hinting at an overall adequate performance with
LLMs not performing significantly worse. The high tendency to hallucinate unneces-
sary elements, combined with the inability to produce completely equivalent diagrams
to the expected references, however, implies the need to perform additional assessments
with improved prompting strategies.

6.2.5 Threats to Validity
Threats to Internal Validity: the reference solutions used for the manual evaluation
may not be complete representations of the problems they were associated with, and
this may in turn impact the rates derived from the assessment. The use of a single LLM
agent, with a single chat instance being used for each exercise, is another limitation,
since different architectures, as well as different iterations with the same model, may
have produced different diagrams; similarly, a different promptmay have led to different
diagrams. The fact that a single human solver attempted all exercises is also another
threat that may affect the results.

Threats to External Validity: due to the low sample size of 17 exercises, it may
not be possible to generalize the findings to other use case diagram assignments.

Threats to Construct Validity: the produced diagrams were evaluated according
to a protocol defined internally by the PhD candidate and the supervisors, including
insights from the original thesis student, and it may have been possible to use other
methods to evaluate correctness and redundancy, and using other approaches as well
may have been a possible option.

Threats to Conclusion Validity: the ability to draw conclusions is hindered by
the limited sample size, the use of a single LLM agent, and the participation of a single
human solver; further studies that expand these three dimensions may be necessary to
ensure consistency in the results.

6.2.6 Key Findings and Lessons Learned
The results of the second study showed that LLMs have a performance comparatively
similar to that of human solvers when it comes to producing UML use case diagrams,
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showing an ability to generate complete diagrams without significant differences, in
contrast with what was found with the first study, where the same agent displayed a
much worse ability to generate semantically valid diagrams.

This divergence may be tied to the structural differences of the two notations: use
case diagrams are conceived to capture functional requirements at a high abstraction
level, requiring the specification of actors and goals without specific constraints related
to typing, multiplicity, and advanced relationship representations. Conversely, class
diagrams require much higher semantic understanding and domain knowledge, with
constraints such as association cardinality, association types, attribute representation,
and alternative ways to express mandatory concepts, making the generation of such
models much more complex, requiring additional skill and knowledge beyond language
understanding and goal identification.

The tendency to include more unnecessary elements is another point of interest:
while the agent was able to represent most of the necessary requirements correctly, the
tendency to add actors and use cases related to the textual description but not stated
explicitly points out a risk of excessive hallucination that makes LLMs insufficient as
autonomous generators of fully complete diagrams without human review. The com-
parable performance in terms of correctness supports the use of LLMs for generating
draft solutions (e.g., examples for classroom use) that can then be improved with human
review to fine-tune details such as removing unneeded elements or adding missing key
concepts.

Summary of Study 2

By comparing LLMs and human solvers on the generation of use case diagrams,
what emerged was a comparable level of performance: the agent was not able to
surpass a trained student with knowledge of the topic (excluding rare cases) and
displayed a somewhat high tendency to hallucinate unnecessary elements. The
fact that performance was comparable for all observed metrics, without a signif-
icantly worse semantic understanding of the modeling task, suggests that LLM
architectures may be used to support the generation of use case diagrams, since
the human correction effort required to ensure the produced artifacts achieve sat-
isfactory quality may prove to be lower than the one required to achieve satisfac-
tory quality in LLM-generated class diagrams. The use of a single-shot prompt
hints at room for improvement with advanced prompting strategies, multi-agent
architectures, or iterative refinement of the produced diagrams.
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6.3 Study 3: Development of a prototype assistant for
the creation of modeling exercises solutions

The first two studies described in this chapter evaluated LLM capability to generate
UML diagrams and identified potential effectiveness: the produced artifacts displayed a
level of quality comparable to human-made diagrams, although certain issues emerged,
such as limited semantic understanding for class diagrams and a tendency to halluci-
nate superfluous elements for use case diagrams. The key finding for both studies was
that LLM-assisted diagram generation requires human intervention to enhance the dia-
grams in order to make them suitable for actual use. Furthermore, the empirical studies
described in Chapters 4 and 5 pointed out a need to extend the process for defining
reference solutions by identifying valid alternatives and synonyms; as a consequence,
the development of an assistant that integrates LLM interaction with model creation
was started at the beginning of 2025.

The purpose behind this assistant was to extend the features of the original UMLe-
gend tool that allowed teachers to create reference solutions (a textual form for speci-
fying required elements and a modeling canvas for drawing the intended diagram) so
that these activities could first be performed by an LLM and then corrected with human
intervention. The assistant, named TIGRE (auTomated dIagram Generator of REference
solution), was then tested with a proof-of-concept validation focused on two modeling
exercises taken from past Software Engineering exams.

6.3.1 Tool Architecture
TIGRE was developed as a web application focused on teacher use, in order to then in-
tegrate its features with the UMLegend tool by replacing the existing teacher interface
for designing reference solution: the Apollon library was kept as the modeling canvas
for the tool, with the reasoning that, while the PlantUML format adopted for the two
studies on LLM-assisted modeling could be considered suitable for simple artifact gen-
eration, the ability to easily modify diagrams through a visual format would facilitate
the definition of reference solutions for the teachers who would eventually use the tool.

The integration with LLM services was achieved through HuggingFace’s API ser-
vices, allowing for easy selection of the model to interact with; development, as well as
the proof of concept described further in the chapter, was performed with DeepSeek
R1-Distill-Qwen-32B, which was selected due to displaying strong reasoning capa-
bilities and textual understanding, while also being among the best performing open
source models at the time the tool was being developed.

While interaction with the Apollon library remained unchanged from the original
UMLegend implementation, the implementation of the form, and as a consequence the
definition of the data structure for representing a reference solution, was changed to
cover enumerations as a separate form of classes: for each enumeration in a solution,
the unique name, the list of synonyms, the weight (whether it is necessary or optional),
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and the list of literals could be defined with the form; literals act as a particular case of
attributes, where they require the specification of name, synonyms, and weight, while
the list of accepted type for each literal is hard-coded to be empty and unmodifiable.

In addition to the Apollon-based modeling canvas and to the reference form for
defining a reference data structure, which support manual solution definition, it is pos-
sible to send a request to the connected LLM agent with the textual definition and have
the response be parsed into an editable format: the answer can be converted into both
an Apollon-compliant source file and into a reference solution object, and both op-
tions are then directly injected in the corresponding editor, allowing teachers to fix the
produced representations and enhance them. Furthermore, solutions that are already
defined can be further extended by asking the LLM to identify additional synonyms.

The integration with LLM services makes it possible to create reference solutions
in four different ways by combining the creation mode (manually or with LLM assis-
tance) and the format (Apollon mode or reference structure); Figure 6.6 expresses the
possible flows of operations that lead to the definition of reference solutions. A map-
ping mechanism is also present to ensure consistency among the two representations:
when a teacher decides to save a reference solution, no matter its format or whether
it was created manually or with LLM assistance, the tool iterates on all elements and
creates the equivalent representation in the other format (e.g., a class defined with the
reference form will be converted in a data structure that can be read by Apollon to rep-
resent a class). This mapping process ensures that a graphical diagram can be used as
a reference structure for automated diagram evaluation and that a reference structure
can be observed and assessed by a teacher before confirming its content.

Figure 6.6: Execution flows for the creation of reference solutions with the TIGRE as-
sistant

Building on the results of the first two studies, where the unstructured prompts
were identified as potentially limiting the quality of the produced diagrams, a more
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detailed prompt was used to interact with the LLM, rather than allowing users to write
their own requests. The revised prompt employed a role-based strategy where the main
purpose of the agent is to act as a software engineering professor who is defining an
exercise’s solution; the format of the output was also defined with more detail, to allow
for easier parsing of the answer and subsequent conversion into compatible formats,
and certain constraints were included to reduce the risk of hallucinations. The full
prompt is presented below:

You are a software engineering professor who is dealing with UML class
diagrams.
You are designing a modeling exercise for your students starting from the
textual description of a system to be developed.
When designing an exercise you consider a reference solution that you will
use to evaluate the students’ diagrams.
The reference solution lists the classes, attributes, and associations between
classes that a class diagram is expected to contain. Methods are not con-
sidered in the reference solution.
The reference solution must be returned in a JSON format as a single object
with the following attributes:

• classes. A list of objects, each representing a class. Each class object
has the following attributes:

– name. The name of the class.
– type. The type of the class. It is equal to ”Class” if the class is a

regular class, ”Enum” if it’s an enumeration, ”Abstract” if it’s an
abstract class, ”Interface” if it’s an interface, or ”Association” if
it’s an association class.

– attributes. A list of objects, each representing an attribute of the
class. Each attribute object has the following attributes:
∗ name. The name of the attribute.
∗ type. The type of the attribute.

• associations. A list of objects, each representing an association be-
tween two classes. Each association object has the following attributes:

– class1. The name of the first class in the association.
– class2. The name of the second class in the association.
– name. The name of the association.
– cardinality1. The cardinality of the association from class1 to

class2.
– cardinality2. The cardinality of the association from class2 to

class1.
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– type. The type of the association.

A class cannot have another class as one of its attributes, as well as a list, a
set, a collection, or a map of types for its attributes.
If you think that a class should have another class as its attribute, express
this as an association between the two classes.
Enumeration types are allowed as attribute types where suitable. If a class
is an enumeration type, its possible values should be listed as attributes
with no type.
If a class has no attributes, then it should be reworked as an attribute of
another class it is associated with.
Consider the following textual description of a system:{text}
Generate the reference solution in the format specified above. Answer with
the JSON code only and no other text. Before the JSON code, write ”“‘” and
after the JSON code write ”“‘”.

6.3.2 Proof-of-Concept Evaluation
To evaluate the tool’s capabilities in generating reference solutions, a proof-of-concept
test was executed: two diagrams were generated starting from the textual requirements
taken from past exams of the Information Systems course, using as input the same de-
scription given to the exam attendees and considering the solution used to evaluate the
students’ answers as a benchmark. Both exercises dealt with real-life system descrip-
tions for which a class diagram was necessary: a system for managing registrations for
a hackathon (Figure 6.7a, and one for digitalizing the sale of ski passes (6.7b).

The two diagrams produced by the tool were compared against the original refer-
ence solutions with the method described by Nikiforova et al. [96]: a manual assess-
ment aimed to identify matching elements by name correspondence or equal semantic
meaning, resulting in the composition of three distance vectors (classes, attributes, as-
sociations), which were then composed into the final diagram distance vector, used to
assess the overall similarity of the produced artifacts with the original references.

More precisely, the manual assessment was performed in four steps:

1. Each class in the reference solutionwasmatchedwith themost semantically simi-
lar generated class, and vice-versa, considering name, attributes, and associations
as parameters to identify the best matches; enumerations were matched with a
similar reasoning. Unmatched classes in both the generated and the reference
diagram were assigned a distance score of 1

2. Each pair of matched classes was used to identify matches between attributes, by
considering name and type to identify the best matches, while literals in matched
enumerations were paired only according to their names. Attributes inside un-
matched classes, and attributes with no match, received a distance score of 1.
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(a) Reference solution for the Hackathon exercise

(b) Reference solution for the Ski Passes exercise

Figure 6.7: Reference solutions for the two exercises used in the proof-of-concept eval-
uation of the TIGRE assistant
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3. Associations were considered matching only if both reference classes had match-
ing classes in the diagram, if the diagram classeswere connected by a relationship,
and if type and multiplicity values were also equal.

4. The three distance vectors were created following all matches, leading then to
the calculation of individual distance scores, which were then used to compute
the semantic distances between the diagrams.

The two diagrams generated by the LLM are presented in Figure 6.8, while Table
6.9 summarizes the measures used to analyze the results: the count of elements in both
reference diagrams and both generated solutions, as well as the computed distance met-
rics.

Table 6.9: Summary metrics for the two exercises used for the proof of concept in Study
3.

Metric Hackathon Ski Passes

Reference classes 10 7
Reference attributes 19 26
Reference associations 14 6
Generated classes 9 9
Generated attributes 10 22
Generated associations 8 8

Class distance 2.40 2.96
Attribute distance 4.58 5.83
Association distance 3.87 3.16
Diagram distance 6.46 7.26

Class distances were relatively low for both exercises, indicating that the model was
able to capture most of the classes: in the first exercise, 7 classes were a valid match,
with three of these classes being considered correct because of human assessment of
their attributes and relationships, and two classes were considered superfluous, being
respectively a concept that was not explicitly mentioned in the solution and one that
was intended to be represented as an attribute. Class performance was slightly lower
for the second exercise, where only 4 generated classes were considered a valid match,
and 5 unnecessary classes representing irrelevant concepts or replacing attributes were
generated.

The generated diagrams showed limitations related to correct attribute representa-
tion: only 7 attributes in the first exercise were considered correct, and only two of them
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(a) Solution generated by the tool for the Hackathon exercise

(b) Solution generated by the tool for the Ski Passes exercise

Figure 6.8: Solutions generated for the two exercises used in the proof-of-concept eval-
uation of the TIGRE assistant

had a correct name as well as type, with four unnecessary attributes being generated
as well. In the second exercise, performance was also lackluster, with only 9 match-
ing attributes, two of which were exact matches by both name and type, as well as
three correct enumeration literals. However, 9 generated attributes were hallucinated,
together with a superfluous literal.

Certain issues also emerged in relation to association representation, since only
6 out of 14 associations in the first exercise had a matching name, but only one of
these also had correct multiplicity values, and the second exercise exhibited an even
worse performance, producing only 3 matching associations out of the expected six,
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but placing incorrect 1-1 multiplicity values on all relationships.
The generated diagrams containedmost of the key concepts expressed in the textual

description, and thanks to the Apollon editor, little effort would be required to make
them suitable as valid reference solutions; the time needed to produce the solutions was
also improved, since the LLM agent produced its solutions in around a minute of work,
greatly reducing the estimated time needed to draw a correct diagram by including the
key concepts.

Summary of Study 3

The proof of concept confirmed the findings obtained with the first study: an
LLM agent can identify the core concepts of a class diagram but tends to make
errors such as specifyingwrong cardinality values, representing concepts that are
better suited as classes in the form of attributes, and hallucinating elements from
the provided description. The key contribution lies in the tooling infrastructure:
thanks to the Apollon editor’s flexibility, LLM output can be easily converted in a
correctable format, without moving from a textual representation into a graphi-
cal format. The fact that diagram quality was not worsened by a more structured
prompt, the flexibility offered by the editor, and the speed in generating tem-
plate solutions warrant further development on the integration of LLM agents in
modeling-oriented tools.

6.4 Study 4: AMulti-Model Comparison for Class Di-
agram Generation

The final study described in this chapter was conceptualized as part of a series of thesis
works that extended the first round of theses in 2023 and 2024: the new set of works
aimed at moving from evaluating the ability of LLM agents to generate diagrams to
comparing different agents on the same modeling tasks, exploiting the lessons learned
from the original works by either expanding the number of exercises used for com-
parison, introducing multiple agents, or improving the prompting strategy. One such
thesis was then converted into the research article that is being discussed here: its goal,
conceptualized with the Goal-Question-Metric template as analyzing the use of differ-
ent LLM agents for the purpose of comparing UML class diagrams generated by different
models starting from the same textual requirements, from the point of view of Software
Modeling educators, is summarized in Table 6.10.

6.4.1 Study Design
The study was conducted on a different set of UML class diagram exercises than the
one used for the first study: a total of 15 exercises were selected from official teaching
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Table 6.10: GQM Template for the study comparing different LLM agents on UML class
diagram generation

Object of study Usage of different LLM agents
Purpose Comparison of prompt output
Focus Completeness and correctness
Context Generation of UML class diagrams
Perspective Software modeling educators

material offered by Computer Engineering and Computer Science university courses of
multiple Italian universities (e.g., Università di Trieste, Politecnico di Torino, Università
degli Studi di Milano). The selected exercises required the definition of a class dia-
gram according to textual requirements expressed in the Italian language and covered
different domains such as managerial, sanitary, administrative, educational, technical,
or general-purpose; furthermore, the exercises were selected with a focus on the as-
sociated difficulty in correctly modeling the requirements, leading to more than half
of them presenting ambiguous requirements or implicit elements to model, one third
of the exercises introducing hierarchic relationships, and two thirds describing at least
one composition or aggregation association.

Four LLM agents were selected to perform the study, in line with the focus being on
comparing the performance of different models on the same task: the selection process
relied on choosing models with a chat interface, allowing for easier interaction com-
pared to locally running models or using external APIs, and aimed at including both
proprietary models with proven effectiveness and emerging open-source models. The
selected agents are as follows:

• OpenAI’s ChatGPT. The same model used in the original study was selected
again, as it was one of the best commercial models available at the time of the
study (Spring 2025), capable of performing well on different tasks and able to un-
derstand a structured input format. The version used for the analysis was 4o, an
improvement over the previous version.

• DeepSeek AI’s DeepSeek v3. At the time of the study, DeepSeek had emerged as
an open-source model optimized for code generation and formalized output, and
had shown potential due to its production-oriented design.

• Google’s Gemini 2.5 Pro. A proprietary model whose contextual understanding
and generation capabilities could be considered at a similar level to ChatGPT,
with structured generation skills being an additional strength.

• Alibaba’s Qwen 3. An open-source, multilingual model with good reasoning and
structuring capabilities, designed for adapting to different kinds of tasks.
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To extend the results obtained with Study 1, the prompting strategy adopted for
the study was enhanced, moving from a basic prompt to a role-based few-shot strategy
supported by structured examples detailing the intended output format: more precisely,
the beginning of the prompt specified that the agents had to act as an UML modeling
expert, as a way to base their decisions around domain-specific knowledge; examples
of two exercises were also provided in the form of textual description and diagram
source code (expressed in Apollon format), to let the agents know both how the output
was supposed to be structured, and what reasoning choices were expected of them,
associating parts of the requirements to elements in the example diagrams.

You are a software engineering professor with expertise in UML modeling
and the JSON format used by Apollon (https://apollon.ase.in.tum.de).
Your task is to generate a UML class diagram in JSON format that is fully
compatible with Apollon, starting from a textual description of a system.
You must strictly follow the instructions below.
The initial JSON structure must be exactly as follows:

1 {
2 ”version”: ”3.0.0”,
3 ”type”: ”ClassDiagram”,
4 ”size”: { ”width”: 1600, ”height”: 780 },
5 ”interactive”: { ”elements”: {}, ”

relationships”: {} },
6 ”assessments”: {},
7 ...
8 }

This header must be included exactly as shown above. The ”elements” and
”relationships” blocks must be located outside the ”interactive” block and
must not contain any nested objects within them.
Each attribute andmethodmust be defined as an independent object within
the ”elements” block with the following fields:

• ”id”: a unique UUID (e.g., ”a1b2c3d4-e5f6-7890-g1h2-i3j4k5l6m7n8”)

• ”name”: in the format ”+ name : type” for attributes or ”name(param-
eters): type” for methods

• ”type”: ”ClassAttribute” or ”ClassMethod”

• ”owner”: the ID of the class it belongs to

• ”bounds”: positive coordinates, positioned below the class

Important: all fields such as ”id”, ”name”, ”type”, ”owner”, and ”bounds”
must be present where required.
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Important: after this header, the JSONmust continue with a full declaration
of:

• ”elements”: ...

• ”relationships”: ...

These sections must be written outside and separately from the ”interac-
tive” block. Do not include any class, attribute, or relationship within ”in-
teractive”. That block must remain empty, as required by the Apollon for-
mat to ensure compatibility. Objects defined in ”elements” and ”relation-
ships” must be placed outside the ”interactive” block.
Each class (with ”type”: ”Class”) must include:

• a unique ”id”

• a ”name” field

• an ”attributes” list (with references to attribute IDs)

• a ”methods” list (empty in case methods are not specified in the text)

• a ”bounds” field with non-overlapping coordinates and consistent di-
mensions

Each class must be represented as an object inside the ”elements” block,
identified by a unique key (preferably in UUIDv4 format). The contents of
the class object must include the following fields:

• ”id”

• ”name”

• ”type”: ”Class”

• ”owner”

• ”bounds”

• ”attributes”

• ”methods”: [] (even if empty)

Each attribute and method must be defined as an independent object with:

• ”type”: ”ClassAttribute” or ”ClassMethod”

• ”owner”: ID of the class it belongs to

• Correct ”bounds” (positioned below the class)

Each attribute must be placed immediately after the class it belongs to, and
must include the following fields:
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• ”id”
• ”name”: in the format ”+ attributeName : Type” (e.g., ”+ name : string”)
• ”type”: ”ClassAttribute”
• ”owner”: ID of the class
• ”bounds”: consistent coordinates, positioned below the class

Attributes must be of simple types: string, int, float, or date. Attributes
must not be classes (no composite types). Collections (lists, sets, maps) are
not allowed: multiplicity must be modeled through explicit relationships.
Relationships (like ”ClassBidirectional”, ”ClassComposition”, etc.) must in-
clude:

• ”source” and ”target” with class IDs, multiplicity, and direction
• ”path” with coordinates for the path
• ”bounds” compatible with the layout
• ”isManuallyLayouted”: false

Each relationship (placed in the ”relationships” block) must include the fol-
lowing fields:

• ”id”
• ”type”
• ”name”
• ”bounds”
• ”path”
• ”source”: with ”element”, ”direction”, ”multiplicity”, and optionally
”role”

• ”target”: with ”element”, ”direction”, ”multiplicity”, and optionally
”role”

• ”isManuallyLayouted”: false

Relationships must be defined in the ”relationships” block and include:

• ”source” and ”target” with ”element”, ”direction”, ”multiplicity”, and
optionally ”role”

• ”path”: array of x, y points reflecting the class positions graphically
• ”isManuallyLayouted”: true
• ”bounds”: size and position of the relationship within the diagram
space

186



6.4 – Study 4: A Multi-Model Comparison for Class Diagram Generation

The direction of the relationship must semantically reflect the role of the
classes:

• Use ”Left”, ”Right”, ”Up”, ”Down” based on class positions.

• Multiplicity must always be specified correctly:

– ”1” → exactly one
– ”0..1” → zero or one
– ”1..n” → one or more
– ”*” → many (use only if necessary)

If the text implies a specialization between entities (e.g., different user or
entity types), model it as a ClassBidirectional with name: ”is-a” and empty
multiplicities.
IDs must be random strings, preferably in UUIDv4 format (e.g., ”a1b2c3d4-
e5f6-7890-g1h2-i3j4k5l6m7n8”), but simple formats like ”rel1”, ”attr1” are
acceptable if unambiguous.
Methodswithout implementationmust still have a valid ”name” (e.g., ”toString():
String”), never empty.
If the text suggests ownership or part-whole relationships (e.g., ”a library
has many books”), use ClassComposition or ClassAggregation. In aggre-
gations, the container class (aggregator) must have the diamond (i.e., be
the source if appropriate). Multiplicity must be realistic: 1, 0..1, 0..n, 1..n,
depending on the domain.
All elements must have ”bounds” with positive, non-overlapping coordi-
nates. Avoid coordinates like x = -600. Use values between 0 and 1600 for
x, and between 0 and 780 for y.

• For generalization (inheritance) relationships, use ”ClassBidirectional”
with ”name”: ”is-a” and empty multiplicities.

• For composition (part-whole) relationships, use ”ClassComposition”
with the diamond pointing to the container class.

• For aggregations, use ”ClassAggregation”.

You must always include names, types, multiplicities, and directions of re-
lationships as expressed in the text. Each class must be correctly linked to
others if indicated by the description (e.g., composition between Cart and
OrderItem, association between Booking and Customer, etc.).
If a class plays different roles in multiple relationships with the same other
class, model each relationship separately and assign distinctive names. When
needed, use the role field in source and target to clarify roles. If a relation-
ship implies its own attributes (e.g., date, quantity), model it through an
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associative class with relevant attributes. If the text indicates any meth-
ods, youmust include them as separate objects with ”type”: ”ClassMethod”.
Specifically, include:

• at least one generalization if the text implies subtypes

• at least one composition or aggregation if there are part-whole rela-
tionships

• at least 3 realistic attributes for each main class

• abstract classes, enumerations, or associative classes if useful to clar-
ify ambiguous concepts

Ensure that the ”path” of each relationship has width > 0 and fits within the
dimensions indicated in ”size”, otherwise adjust the coordinates. If logically
implied, include abstract classes, missing associations, generalizations, or
enumerations if useful to clarify the system.
Your output must be a valid, complete, and functioning JSON for Apollon,
with no comments or additional text. Use clear, consistent, and grammati-
cally correct names for classes, attributes, and relationships. Avoid generic
labels such as ”thing”, ”element”, ”info”, ”writes”. When useful for clarity,
prefer the passive form for relationship names (e.g., ”is driven by” instead
of ”drives”). All required fields from the example files must be included.
Specifically:

• ”owner” in attributes/methods

• correct ”type” for each element and relationship

• ”bounds” in all elements

• ”path” in all relationships

At the end of the prompt, you will find the textual description of the system
to be modeled.
Examples to follow:
Example 1 — text: {text of the first example}
Example 1 — JSON: see file: diagram (1).json — provided as reference (file
uploaded as an attachment in the chat)
Example 2 — text: {text of the second example}
Example 2 — JSON: see file: diagram (2).json — provided as reference (file
uploaded as an attachment in the chat)
Here is the textual description of the system to be modeled: {text of the
exercise to solve}
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6.4.2 Research Questions and Metrics
The study was framed to answer two research questions:

• RQ1: Does the use of different Large Language Models for the automated gener-
ation of UML class diagrams lead to differences in the quality of such diagrams?

• RQ2: What are the different error categories produced by different Large Lan-
guage Models?

The approach adopted to evaluate the diagrams produced by the four agents fol-
lowed the theoretical distinction of UML class diagram quality measures defined by
Lindland et al. [82], which also guided the development of the tools used during the
earlier years of the PhD: in the study, only the syntactic and semantic quality of the
generated diagrams were considered for analysis, with the goal of assessing the differ-
ent models’ capabilities to understand the UML class diagram syntax conventions and
their skill in correctly representing the target domains.

Three metrics were defined to measure diagram quality: the count of Syntax Errors
and of Semantic Errors, as well as theDiagramCompleteness; all three metrics were com-
puted with a manual assessment of each generated diagram. The evaluation procedure
was performed in three steps: first, each diagram was compared against the reference
solution to identify matching elements of the same type, using the names as matching
criteria, in a similar way to what was done in the first study described in this chap-
ter; once all elements had been analyzed, the diagram completeness was computed as
the count of matching elements over the count of elements inside the original refer-
ence solution. Then, a second look at the diagram was performed to identify syntax
errors, following the same algorithm implemented in the UMLegend tool and described
in Chapter 4; in a similar fashion, the rules defined for the semantic evaluation imple-
mented in UMLegend were followed to identify semantic errors.

6.4.3 Analysis Method
To answer RQ1, a fixed effect linear model was applied to the three metrics obtained
after the human evaluation of the generated diagram: pairwise comparisons between
two models were performed, considering the type of model as the independent variable
and the three quality metrics as the dependent variables. This led to the formulation of
three null hypotheses:

• 𝐻0_𝑠𝑦𝑛: The choice of LLM agent has no statistically significant impact on the
number of syntax errors in the generated UML class diagrams;

• 𝐻0_𝑠𝑒𝑚: The choice of LLM agent has no statistically significant impact on the
number of semantic errors in the generated UML class diagrams;
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• 𝐻0_𝑐𝑜𝑚𝑝𝑙: The choice of LLM agent has no statistically significant impact on the
diagram completeness of the generated UML class diagrams.

To account for 18 simultaneous pairwise comparisons (6 model pairs x 3 metrics), a
Bonferroni-adjusted significant threshold of 𝛼𝐶 = 0.05/18 = 0.00278 was applied.

To answer RQ2, errors were grouped by category, and then a count of the different
error categories made by eachmodel was computed in order to evaluate the distribution
of errors across the four agents. The analysis associated with RQ2 was performed from
a qualitative and descriptive point of view, and no null hypothesis was formulated.

6.4.4 Results
Table 6.11 summarizes the statistics measured for the three metrics used to answer RQ1
(count of syntax errors, count of semantic errors, diagram completeness) across the four
models used for the study; the distribution of all three metrics per each model can be
seen in Figure 6.9.

Table 6.11: Summary statistics for syntax errors, semantic errors, and diagram com-
pleteness in Study 4.

ChatGPT (GPT-4o) DeepSeek v3

Metric Min Max Mean (SD) Median Min Max Mean (SD) Median

Syntax errors 0 0 0.00 (0.00) 0 0 1 0.13 (0.35) 0
Semantic errors 1 8 4.33 (2.44) 4 1 6 3.00 (1.60) 3
Completeness 31.8% 100% 64.2% (0.20) 63.6% 24% 100% 58.3% (0.22) 55.6%

Gemini 2.5 Pro Qwen 3

Metric Min Max Mean (SD) Median Min Max Mean (SD) Median

Syntax errors 0 0 0.00 (0.00) 0 0 6 3.20 (1.70) 3
Semantic errors 1 7 3.27 (2.02) 2 0 7 3.40 (2.20) 4
Completeness 31.8% 100% 67.7% (0.20) 63.6% 13.6% 90.5% 55.4% (0.25) 54.5%
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(a) Box and violin plot for the count of Syntax Errors in Study
4

(b) Box and violin plot for the count of Semantic Errors in Study
4

(c) Box and violin plot for the Diagram Completeness in Study
4

Figure 6.9: Box and violin plots for metrics observed in the fourth study
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An immediate result is the excellent performance achieved by ChatGPT and Gem-
ini in terms of syntax quality, since both models solved all 15 exercises with exactly 0
syntactic errors, showing complete adherence to class diagram modeling conventions;
ChatGPT’s performance is seen as a particularly good result, confirming its ability to
understand modeling principles observed with the first study, with noticeable improve-
ments. DeepSeek also performed well, with a total of two syntax errors spread over two
exercises, showing a reasonable understanding of structural rules. Qwen, by contrast,
appears as an outlier, with an average error count of 3.2 per exercise, producing dia-
grams with multiple violations that the other three models were able to avoid.

The performance related to semantic errors is instead more varied: the worst per-
forming model was ChatGPT, which achieved an average count of 4.33, suggesting that
its limitations related to correctly representing domain details found with the first eval-
uation are also present even with a more advanced version. DeepSeek had the best per-
formance for the semantic dimension, displaying a strong tendency to capture the finer
details of the provided exercises, and both Gemini and Qwen performed similarly well,
with only a few more errors than the best-performing model, on average.

Finally, diagram completenesswas ametric where the proprietarymodels (ChatGPT
andGemini) showed the best performance and achieved an average score of around 65%;
the two models were also able to produce at least one completely correct diagram, and
their lowest performing solution still managed to include slightly less than one third of
the required elements, a comparable ability to capture the required elements across the
full range of exercise difficulty. DeepSeek performed slightly worse, despite being the
model with the lowest semantic error count, indicating that, while the model is not the
best at including all required elements, it is able to understand the finer specifications
(e.g., attribute types, association multiplicity values) more than the proprietary mod-
els. For this metric as well, Qwen showed the lowest grade performance, achieving an
average completeness score of 55.4%, which shows that the model is in most cases able
to identify key concepts to represent in a diagram; however, its lowest minimum score,
and the fact that it was the only model unable to ever produce a diagram with 100%
completeness, make it stand out as particularly worse than the competition.

The results of the fixed effects linear model applied to all the pairs of models on the
three quality metrics are presented in Table 6.12.

The results of the statistical analysis point to somewhat minimal differences be-
tween models, given that most of the comparisons did not yield statistically signifi-
cant results. In terms of syntax errors, statistically significant results happen whenever
Qwen is involved, since themodel performs far worse than the competition, and none of
the resulting p-values when comparing the other three models are significant, reflect-
ing their excellent performance observed with the descriptive assessment performed
above. 𝐻0_𝑠𝑦𝑛 cannot be rejected in its global form, since the only statistically signifi-
cant differences involve Qwen, which can be said to be the worst performing model on
said metric, while the other three models are statistically equivalent.

The only comparison that approached but did not reach significance with a p-value
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Table 6.12: Results of the linear model applied between LLM pairs. Statistically signifi-
cant p-values are in bold.

Model pair Syntax errors Semantic errors Completeness

Estimate p-value Estimate p-value Estimate p-value

ChatGPT vs DeepSeek 0.133 0.675 -1.33 0.086 -0.06% 0.462
ChatGPT vs Gemini 3.932e-15 1.000 -1.07 0.167 0.04% 0.661
ChatGPT vs Qwen 3.20 3.15e-14 -0.93 0.226 -0.90% 0.278
DeepSeek vs Gemini -0.133 0.675 0.27 0.728 0.09% 0.462
DeepSeek vs Qwen 3.067 1.45e-13 0.40 0.602 -0.03% 0.724
Gemini vs Qwen 3.20 3.15e-14 0.13 0.862 -0.12% 0.130

of 0.086 lower than the adjusted coefficient 𝛼 = 0.00278 for the count of semantic er-
rors is the one between ChatGPT and DeepSeek, where the latter performed better: the
interpretation is that the focus on code and reasoning may give DeepSeek an edge in
tasks that require the ability to infer implicit domain constraints from natural language
descriptions. Given that all other pairs do not show a statistically significant difference,
the null hypothesis 𝐻0_𝑠𝑒𝑚 cannot be rejected: although certain models perform bet-
ter than others, differences are not marked enough to make one stand out as clearly
superior or worse.

Diagram completeness showed no statistically significant difference in any of the six
comparisons: once more, the four models achieved a similar level of performance, but
even the less capable Qwen was still able to achieve a satisfactory completeness level,
on average, and thus cannot be considered worse than the other three agents. The
best performing models were the proprietary ones, whose capabilities were, however,
in line with the performance shown by the open-source alternatives, with not signifi-
cant enough increases in performance. 𝐻0_𝑐𝑜𝑚𝑝𝑙 thus cannot be rejected: the choice of
different LLM agents does not introduce a statistically significant impact on diagram
completeness.
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Answer to RQ1 (Study 4): The four LLM agents analyzed all show different capabil-
ities and limitations. Qwen encountered multiple issues related to syntax adherence,
performing much worse than the other three models, which showed excellent capa-
bilities and ability to follow class diagram rules and specifications. The code-oriented
DeepSeek was the best performing model for semantic quality, making the fewest er-
rors on average, highlighting its ability to derive domain-specific details from the re-
quirements, while ChatGPT struggled the most in that regard. All four models showed
similar diagram completeness scores, indicating an overall good ability to represent the
key concepts in most exercises, with no clearly superior agent emerging, although the
proprietary models showed to be more consistent in achieving high measures.

To answer RQ2, the errors produced by the four models were grouped by category,
and the total counts of each category permodel were compared to identify theweakness
of each agent. The distribution of both syntax and semantic errors per category is
displayed in Figure 6.10.

(a) Distribution of Syntax Errors per model in Study 4

(b) Distribution of Semantic Errors per model in Study 4

Figure 6.10: Categories and counts of the syntax and semantic errors found in Study 4,
grouped by model

194



6.4 – Study 4: A Multi-Model Comparison for Class Diagram Generation

The most common syntax error types depended on an incorrect understanding of
constraints and misusing attributes: a total of 27 violations saw the use of collection
types such as lists or sets to represent one-to-many relationships which should have
been represented with explicit associations, and using foreign-key patterns to represent
attributes that referenced other classes with either name or type, going against UML
class diagram conventions and violating explicit prompt requirements.

Semantic errors, instead, presented a more widespread picture, with all four models
presenting violations in their diagrams, and more categories of errors being observed.
The most common type of error consisted of using the wrong type of association, such
as mistaking composition relationships for aggregation ones, or not representing a gen-
eralization as such, but rather as a regular association. ChatGPT was the worst offender
for this type of error, with a total of 35 occurrences, almost twice the number of similar
violations for the second-worst-ranked model for it, indicating a particularly important
inability to comprehend different relationship types.

Another common semantic violation was also related to associations and consisted
of using multiplicity values different from those expected in the reference solution:
Qwen struggled the most with this type of error, suggesting a limitation in how it in-
terprets the cardinalities implied by the textual requirements, despite a relatively good
ability to understand the structural nature of the relationships between elements.

Other semantic error categories were far less common, and all four models had sim-
ilar counts for them. Examples of these errors included the use of methods as attributes,
incorrectly placing classes when using aggregations or compositions, and wrong typing
for attributes and methods. The wider range of semantic errors, together with the low
frequency and the fact that all agents encountered the same issues, expose an inability
to represent domain specifications with correct structural and typing choices, which
appears to be a common limitation of LLM-based UML class diagram generation, since
no model stands out as unable to avoid these errors.

Answer to RQ2 (Study 4): Syntax errors were the main limitation of Qwen, and indi-
cated its difficulties in correct representation of attributes, with violations such as using
collections as types rather than associations and with foreign key syntax to express re-
lationships between classes; the fact that both of these violations were explicitly stated
in the prompt as something to avoid is a potential cause of concern that suggests avoid-
ing Qwen for UML generation tasks. Semantic errors were more widespread, instead,
and the most common violations indicate an inability to represent associations accord-
ing to the provided requirements, with errors related to either relationship type or class
multiplicity. Other error categories, while far more rare, were common to all four mod-
els, suggesting a general limitation of LLM architectures for the task of automatically
generating class diagrams.
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6.4.5 Threats to Validity
Threats to internal validity: the generated diagrams were first evaluated by a single
person (the PhD candidate), introducing a risk of subjectivity for error classification
and element matching. This thread was mitigated through an independent review of
the results by the supervisors, followed by a consensus reached by all three people
involved. The prompting strategy is also a reasonable threat: while the prompt was
improved compared to Study 1 with the use of a role-based, few-shot strategy, and
the design of the prompt aimed at making it as neutral as possible so that it could
be applied to all four models, certain choices such as the examples or the expected
format for the output may have been better suited to certain architectures. The use of
web-based chat interfaces is another cause of concern: repeating the same prompt on
a different session or with a different version of the model may have led to different
diagrams and to different scores as a consequence. Furthermore, multiple prompting
strategies had been employed at the same time, with no assessment of which had a
more significant impact: the use of detailed examples may have been more impactful
than the role specification, for example.

Threats to external validity: the exercises used for the study were selected from
official material of Italian universities and were written in Italian; this may imply that
results could not be generalized to exercises expressed in other languages, assignments
taken from industrial contexts, or notations that are not UML. Additionally, the sample
size of 15 exercises limits the validity of the study, and a more extensive set of exer-
cises would be needed to allow the generalization of the findings to other educational
settings.

Threats to construct validity: the three metrics selected to answer RQ1 are rele-
vant, but may not be the best way to express diagram quality. Other dimensions, such
as pragmatic quality or internal consistency, were not measured, and their inclusion
may have helped each model’s strengths and weaknesses stand out more. The use of
quality measures tailored for human-produced diagrams may not capture errors that
are specific to LLM-generated artifacts.

Threats to conclusion validity: the sample of 15 exercises limits the statistical
power of the fixed-effects linear model, which may be insufficient to detect differences
of small-to-moderate effect size. The non-significant but potentially meaningful result
observed for semantic errors between ChatGPT and DeepSeek (𝑝 = 0.086) is a concrete
example: the effect may be real, but the current design does not provide enough evi-
dence to conclude so with confidence. Expanding the exercise set in future replications
would directly address this limitation.

6.4.6 Key Findings and Lessons Learned
The results of the fourth study showed that, at the time of Summer 2025, LLMs had
achieved superior capabilities related to class diagram generation compared to past
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works, since all four models showed comparable quality, while maintaining distinct
strengths and weaknesses to distinguish them. The proprietary models performed the
best in terms of completeness and adherence to syntactic rules, suggesting a high skill
level for identifying key concepts from textual descriptions and representing them in
class diagram format. However, they showed a relevant weakness in terms of semantic
quality beyond simple structural correctness: correct representations of the required
concepts were not accompanied by correct details such as association typing or multi-
plicities.

DeepSeek showed the best results regarding semantic errors, with both the lowest
average and the lowest maximum count, suggesting that its optimization focused on
code and reasoning, rather than being a more general-purpose model, made it more ef-
fective at identifying details implicitly hidden in natural language requirements. How-
ever, a lower completeness rate on average indicates that better semantic precision does
not necessarily come with better coverage of elements: the model may miss certain ele-
ments, but is more consistent in representing the ones it can identify. The key finding is
that, depending on the reasons for which automatic model generation is required, cer-
tain models may be preferable: proprietary models such as Gemini and ChatGPT are
better for drafts that cover most of the necessary elements, despite having a higher ten-
dency to misrepresent associations, and DeepSeek may be better for smaller diagrams
where the focus is more on correct structural logic.

Qwen stands out as the overall worst model of the four selected for the comparison,
due to the prevalence of syntactic errors in attribute representation, structural mis-
conceptions that suggest a less mature training for UML knowledge compared to the
other three models, together with a tendency to ignore prompt specifications, given
that attribute constraints were explicitly mentioned as a key requirement to guide the
diagram creation process. The semantic capabilities of the model were on par with the
other ones; however, meaning that its domain interpretation capabilities are not inher-
ently worse, but the inability to represent its reasoning capabilities in a syntactically
correct way is a significant limitation for its use in educational contexts.

The results of the fourth study reinforce the findings of the other three studies de-
scribed in this chapter: LLMs are able to produce diagrams that are mostly correct, and
exhibit a relatively high knowledge of UML modeling rules, making them suitable for
creating drafts and templates, with different models being better suited for different
goals. The limited capabilities in terms of association representation indicate a general
weakness of general-purpose LLMs, given that association-defining requirements are
rarely expressed in natural language descriptions and should rather be inferred from
domain knowledge and context, pointing to the need for specific LLM agents trained
on identifying such requirements.

Furthermore, the findings highlight the value of advanced prompting strategies,
since the use of a role-based, few-shot approach forced the models to focus on UML
modeling expertise and adhere to the concrete output format to follow, leading to much
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better syntax quality for the same model used in both studies (ChatGPT-4 vs ChatGPT-
4o).

Summary of Study 4

The fourth study confirmed both the capabilities and the limitations of LLM
agents in the generation of UML models, highlighting a relatively good ability
to capture the key concepts of textual requirements, although certain limitations
tied to representing domain details such as association types or multiplicity val-
ues, as well as attribute type mismatches, were still present. The findings sug-
gest that model selection for automated diagram generation should not rely on
conventionally good models, or general-purpose ones, but should rather depend
on the primary quality criterion: proprietary models are preferable when the
key goal is syntax correctness and representation of key concepts, while models
that have a focus on code creation and reasoning are better for smaller diagrams
where structural and semantic correctness are most important.
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Chapter 7

Conclusions and Future Work

This PhD thesis aimed to address the gap identified back in Chapter 1: the importance of
software modeling in the development process is not reflected in educational curricula
due to learning the necessary notations being seen as a complex hurdle and requiring
continuous and personalized feedback loops that are not feasible with standard teach-
ing approaches and are rarely covered by educational tools. Gamification was identified
as a potentially effective strategy to address this gap, with gamified modeling education
also being a relatively underexplored area, particularly lacking in rigorous, longitudinal
empirical evaluations; as a consequence, the research activities undertaken in the first
years of the PhD aimed at addressing this gap with the development of gamified tools
for modeling education. These research activities had the goal of answering questions
related to the effectiveness of game mechanics in improving student performance, lead-
ing to learning benefits over long periods, and being designed in a way that students
can appreciate.

A second set of research activities, born from both the limitations emerged from
the early empirical studies and from the observations derived from related literature,
focused on the large language models that were becoming increasingly popular in late
2023 and on their potential applications to model-driven tasks, leading to the formu-
lation of questions related to the agents’ ability to generate diagrams comparable to
human solvers, reduce teacher cognitive effort in designing solutions, and compare di-
agram generation potential across architectures and prompting strategies. A total of
six thesis research questions (TRQs) were formulated, three for each set of thematic
research activities, and answering these questions makes it possible to state the PhD
work’s findings, its limitations, the lessons learned, and what needs to be done next.

TRQ1 asked whether gamification can bring measurable improvements to student
performance when applied in single-session modeling activities. The two controlled
experiments described in Chapters 3 and 4 found that this is mostly true: a finding
common to both studies was that, when interacting with a gamified tool, students were
more inclined to have their diagrams assessed by the automated evaluators, suggesting
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increased commitment for solving exercises; this, in turn, led to performance improve-
ments such as a significant improvement in semantic correctness for the BIPMIN study,
and a significant reduction of syntactic and semantic errors and a significant increase in
diagram completeness for UML class diagram exercises solved with UMLegend. How-
ever, gamification never led students to make significant variations in their diagrams,
measured as changes in their size: the interpretation is that gamification can guide stu-
dents in a refining process rather than an expanding one; students incrementally cor-
rected and improved the existing elements thanks to the guidance given by the gamified
feedback loop. In single-session usage, gamification heightens the students’ attention
to diagram quality rather than broadens it.

TRQ2 focused on assessing whether longitudinal interaction with a gamified mod-
eling tool leads to measurable improvements in student performance observed in the
final course evaluations, with the longitudinal study described in Chapter 5 measur-
ing this through a comparison with a cohort of students who followed the traditional
learning approach. The findings related to TRQ2 can be considered the most significant
finding of the gamified-focused research activities, since students who used BIPMIN
throughout the course to learn BPMN fundamentals achieved statistically significantly
higher grades on BPMN activities for both the course’s final exam and the group project
assignment, showing that gamification can support learning of basic BPMN best prac-
tices as well as skills that translate to being able to handle more complex requirements.
Student performance over time was also observed, although with slightly less positive
results: while a reduction of semantic errors could be observed when moving from
the first exercise to the last, suggesting improvements compared to the beginning of
the course and the ability to internalize correct domain representation constraints over
time, completeness improvements were not as prominent, with the exercise ordering
being affected by a difficulty mismatch that placed a more complex exercise before its
optimal scheduling, in relation to the students’ obtained skills.

TRQ3 aimed at measuring the students’ overall perception of gamified modeling
education, while also gathering insights on which game mechanics are perceived as the
most supportive in the learning process. The consistent findings across all three empir-
ical studies point toward mechanics that introduce direct, element-specific corrective
guidance are the most effective and appreciated: regardless of the study length (longitu-
dinal or single-session), mechanics such as diagram coloring, completeness indicators,
and lists for errors and matched elements were the most appreciated, suggesting that
the research work performed over the PhD addressed the goal established at first (that
is, the development of effective tools that provide actionable feedback on large scale);
conversely, mechanics intended for long term were among the less appreciated in all
studies, including the longitudinal one where the expectation was to see them rise in
popularity. The interpretation for this result relies on Self Determination Theory [33,
34]: the need for competence is covered with the appreciated feedback mechanics, and
relatedness and autonomy needs covered with social and cosmetic elements (leader-
boards, avatar customization) require different social interaction mechanics other than
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pure competition. Another positive finding related to RQ3 was the improvement, in
terms of overall perception of the gamified experience, achieved by the redesigned BIP-
MIN tool, with enjoyment and perceived creative freedom being seen in a much better
light compared to the prototype version, confirming the effectiveness of the new game
mechanics framework.

Moving from the gamified-focused research activities to the LLM-based ones,TRQ4
introduced large languagemodels as a topic in the PhD by askingwhether they are com-
parable to humans when it comes to UML diagram generation, finding that the results
vary depending on the notation. GPT-4 was proven to be significantly worse than a
competing human solver in terms of class diagram semantic error count and semantic
distance to references, while being comparable in terms of syntax and pragmatic qual-
ity; no statistically significant difference was instead observed for use case diagrams
when comparing them in terms of completeness or redundancy (unnecessary/halluci-
nated elements). The reason behind this divergence can be explained by the structural
differences between the two notations: use case diagrams rely on the identification of
actors and functional goals from textual description, a task that LLMs can perform with
relative ease, while class diagrams require advanced text understanding capabilities and
domain knowledge to derive association types, multiplicity values, or distinguish be-
tween classes and attributes. LLMs may thus be used as viable generators for use case
diagram drafts, but the quality of their class diagram output makes them more suitable
for the production of draft diagrams, or as part of an integrated process that involves
human refinement.

TRQ5 continued the research thread by addressing the practical dimension of LLM
capability through the development of a prototype intelligent assistant for the creation
of a reference solution [49]. The proof of concept on the TIGRE tool demonstrated that
the use of a role-based prompt can generate structurally valid draft solutions in less than
a minute, capturing most required classes with ease while at the same time exhibiting
the weaknesses exposed in the first two studies. LLM assistance moves instructor effort
on the semantic details that agents struggle with, while streamlining the structural def-
inition process; controlled comparative studies will be necessary to assess whether this
constitutes a net time saving compared to manual diagram creation. The overarching
research question is only partially addressed, with future studies planned to continue
the corresponding work.

Lastly, TRQ6 compared the performance of different architectures with advanced
prompting strategies, finding out that proprietary models (ChatGPT, Gemini) had the
best performance on completeness and syntactic quality, producing no errors, while the
code-oriented DeepSeek proved the best in terms of semantic adherence [52]. The key
finding is that the shift from unstructured zero-shot prompts to advanced techniques
that provide input and output examples and apply role based strategies can significantly
improve performance, given that ChatGPT went from the average syntax error count
of 0.9 to performing zero such errors; however, the change in version from GPT-4 to
GPT-4omay have also impacted this improvement, and the independent contribution of
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agent versions and prompting strategies should be assessed with future investigations.
The contribution this thesis brings to the state of the art can be evaluated across

three axes that emerged from the background review. Regarding gamified tools applied
to software modeling education (Section 2.2.2), the thesis consists of the first empirical
demonstration that a free-form, gamified modeling environment can improve diagram
quality in both single exercises and longitudinal deployments, while also providing the
first evidence that exposure to a gamified tool for an entire semester brings benefits
to academic performance, findings no existing previous tool had yet reached. The au-
tomated diagram evaluation aspect (Section 2.1) was covered by the three-phase eval-
uation pipelines developed within UMLegend and the revised version of BIPMIN, ad-
vancing the state of the art by combining syntactic, semantic and pragmatic assessment
with a gamified feedback loop offering element-specific error messaging and correct-
ness indicators, extending the aggregate scores used in UMLGrade [44] and the scalar
distance computation defined by Nikiforova et al. [96]. The four studies focused on
LLMs in software modeling practices provide advancements beyond single-model and
single-notation assessments [24, 27] thanks to benchmarking evaluations that cover two
notations and multiple LLM agents, providing guidelines for model selection tailored
around educational diagram generation.

The complete research program identified three relevant lessons that no individual
research question can completely cover. First of all, feedback quality is of the utmost
importance, given the preference for assisting mechanics over competitive or cosmetic
ones in all three empirical studies, implying that gamification in modeling education
functions primarily as part of an automated tutoring layer rather than a motivational
addition, and tool design should focus on that aspect. Secondly, the quality of evalua-
tion systems set a ceiling for what gamification studies canmeasure: failures depending
on incomplete synonym identification caused false negatives, leading to inflated error
counts and reduced completeness scores. As a consequence, the positive effects re-
ported across the empirical studies should be considered lower bounds instead of accu-
rate estimates of the educational benefits. Finally, the LLM studies and the gamification
experiments converge on the same bottleneck from opposite directions: the evaluation
engines are not able to completely assess semantic equivalence, and LLMs cannot re-
liably generate diagrams that respect said equivalence, pointing to an open problem
connecting both research areas of the PhD.

The limitations of the PhD research impact the conclusions drawn in this chapter
and relate to aspects observed in the experiments’ design choices. First of all, the em-
pirical tool evaluations were all conducted at Politecnico di Torino in Masters courses,
meaning that results may not transfer equally to undergraduate programs, professional
environments, or even institutions that follow different curricular structures; further-
more, in the single-session studies, student populations were assessed at a point where
modeling competence was already established, and this competence reflected on near-
null impact in terms of syntactic error reduction, pointing to a ceiling effect rather than
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a limit of the approach, given that no studies were performed specifically at the begin-
ning of modeling courses, leaving an important research area underexplored.

LLM studies all shared the same limitations, with constraints related to small sample
sizes, involving a single human solver as a baseline or as the manual evaluator, or us-
ing interactive chat interfaces instead of controlled methods such as API interactions or
running themodels locally; furthermore, the use of the Italian language for certain exer-
cises may not allow generalization of the findings, and the rapidly evolving landscape of
LLM agents means that the performance observed in the three empirical studies should
be considered a baseline measurement instead of a fixed, immutable characterization.

The planned future research agenda builds on certain key findings from the stu-
dent opinions gathered with the gamified studies. The most important direction is the
integration of the BIPMIN and UMLegend tools into a single educational platform, al-
lowing for the observation of long-term mechanics’ effects, given that they scored less
favorably in the latter tool’s empirical evaluation. The aim is to develop a complete
platform that can support all modeling notations covered within a course, to ensure
no gap is found within student perception and allowing complete gamification of the
course aspects; for this purpose, the UMLegend tool has been extended at the tail end
of the PhD work to cover UML use case diagrams as another notation [50], with a more
modular implementation approach that will allow porting BIPMIN functionalities into a
complete educational tool. The improved version is currently deployed as the modeling
environment used in the 2026 edition of the Software Engineering course at Politecnico
di Torino, with plans to analyze its impact on student performance once the course is
over. Additionally, this new version includes a new, improved interface for defining ref-
erence solutions: a usability study on this new interface involving teachers is planned
for the future, together with the distribution of the new platform to the research com-
munity, to reproduce the studies in other contexts and observe whether findings can be
confirmed.

The limitations related to the evaluation systems imply the necessity of LLM-based
semantic matching components to enhance, and potentially replace, normalized edit-
distance comparison: development of preliminary architectures that use local LLM
agents to evaluate Apollon diagrams using the reference solution structure defined by
the combined TIGRE and UMLegend tools is currently underway, with empirical tests
on their capabilities being planned for Autumn 2026.

Due to the constantly evolving nature of LLM architectures, findings from the stud-
ies described in Chapter 6 may require further investigation to confirm the results: the
model comparison on diagram generation could be repeated with a bigger set of ex-
ercises to use, introducing architectures that have become more popular in 2026 such
as Claude; similarly, an ablation study that isolates the different prompting strategies
used in the study to observewhich one has the better impact on the generated diagrams’
quality could provide guidance for prompt engineering activities in diagram generation,
and is a potential next step after the thesis.
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The final planned research activity is guided by the focus of the PhDwork on devel-
oping approaches to provide large-scale feedback for educational modeling activities: a
controlled study that imagines LLM architectures as modeling assistants in university
courses is currently being planned for the 2026-2027 edition of the Information Systems
course. The aim of this study is to build on the findings from the studies described in
Chapter 6 and assess the quality of LLM-assisted modeling in comparison to the regular
approach; the low semantic capabilities of LLMs could be used as a way for students to
identify issues and how to correct them.
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