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Abstract—Use case modeling employs user-centered scenarios
to outline system requirements. These help to achieve consensus
among relevant stakeholders. Because the manual creation of use
case models is demanding and time-consuming, it is often skipped
in practice. This study explores the potential of Large Language
Models (LLMs) to assist in this tedious process. The proposed
method integrates an open-weight LLM to systematically extract
actors and use cases from software requirements with advanced
prompt engineering techniques. The method is evaluated using
an exploratory study conducted with five professional software
engineers, which compares traditional manual modeling to the
proposed LLM-based approach. The results show a substantial
acceleration, reducing the modeling time by 60%. At the same
time, the model quality remains on par. Besides improving the
modeling efficiency, the participants indicated that the method
provided valuable guidance in the process.

Index Terms—large language models, requirements engineer-
ing, use case modeling, Al-assisted software engineering, software
architecture, unified modeling language

I. INTRODUCTION

Use case modeling serves as a comprehensive toolkit for
understanding, documenting, and analyzing the functional
view of a system, taking into account the interactions between
the system and actors [1]. It provides a structured approach to
capturing requirements in functional scenarios that depict user-
centric goals. This improves communication between stake-
holders and developers, providing a common understanding
of the system’s functional requirements independent of the
lower-level implementation.

Use case modeling is a process of requirements analysis
in software engineering. It is usually employed in the early
phases of system development as part of the requirements
capturing and specifications phase. The primary steps in the
conventional use case generation process are (1) the identifi-
cation of the actors, (2) the definition of the use cases, and (3)
the establishment of the relationships between them. Actors
include users, hardware, and other systems that exist outside
the system boundaries and interact with it. The potential
benefits of use case models include stakeholder alignment,
as they can visualize and understand the functionality of the
planned system more easily. Additionally, it allows software
maintainers to comprehend the enabled functionality of the
system. Use case models provide the basis for designing and
testing applications by clearly defining the system’s scope.
As of now, a detailed and accurate development of use case
models often demands a considerable investment of time and
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effort, due to the domain knowledge and modeling skills
required.

The emergence of LLMs represents a promising opportunity
for improving the efficiency and accessibility of use case
modeling. The LLMs’ ability to process complex textual
information in natural language makes them particularly well-
suited for tasks requiring generating and refining structured
output directly from textual input. Trained on diverse and large
datasets, LLMs show advanced capabilities in performing dif-
ferent tasks, ranging from coherent and contextually relevant
text generation to solving complex problem-solving queries
and generating executable code [2].

Eisenreich et al. [3], [4] outlined a novel approach to employ
LLMs in generating software architectures semi-automatically
from requirements. Their vision paper focuses on the potential
of LLMs to bridge the gap between requirements engineering
and software architecture. The generation of domain and use
case models is emphasized in an intermediate step to formalize
requirements. Building on this work, this study presents a
novel method that harnesses the capabilities of LLMs to
assist in creating use case models from textual requirements.
It incorporates advanced prompt engineering techniques to
transform textual software requirements into use case models.

Related research investigated the feasibility of leveraging
LLMs for UML (Unified Modeling Language) model gener-
ation [5]-[7] and indicates promising results. This research
further builds a method, i.e., a process and tool, around the use
case model generation task. Implementing and evaluating the
proposed method provides an in-depth assessment involving
software engineers to address the following research questions:

RQ1: How much can the proposed method accelerate the
development of use case models?

RQ2: How do developers perceive the LLM-based assistance
when creating use case models?

The remainder of this paper is structured as follows: In
section II, we discuss the background that supports this study
and the related work. In section III, the supporting tool is
explained in detail, along with the methodology for conducting
the evaluation. The results are presented in section IV and
further discussed in section V. Finally, we discuss the threats
to validity in section VI and conclude the paper in section VII.



II. BACKGROUND AND RELATED WORK

This section explains the background on use case models
and discusses related work on using LLMs in UML modeling.

A. Use Case Model

Use case modeling is a technique for describing functional
requirements from a user’s perspective [8]. It connects stake-
holders and developers, fostering alignment and understanding
by exhibiting how a system interacts with its actors. The
generation of the use case model is typically initiated during
the requirements analysis phase and is primarily conducted
under the supervision of the Product Owner (PO).

A use case model typically has two components: (1) a
use case diagram and (2) use case descriptions [9]. A use
case diagram is usually modeled in UML and consists of
four components: actor(s), use cases, system boundary, and
associations [1]. A use case description complements the use
case diagram by detailing the sequence of actions that the
system performs to attain a certain use case. [1].

B. Related Work

As the LLM-based generation of use cases is a relatively
novel area of study, the scope of this review includes related
research on the general generation of UML diagrams from
textual requirements. This broader focus provides insights into
how LLMs interpret textual inputs for modeling tasks and their
capabilities in entity extraction.

Wang et al. [5] investigated how LLMs support software
engineering students in understanding and creating UML di-
agrams. They show that LLMs can aid in generating class,
use case, and activity diagrams, but the effectiveness depends
heavily on prompt quality and the LLMs’ domain-specific
knowledge. The researchers highlighted limitations of current
LLMs, such as inherent randomness during interactions. They
propose prompt engineering to better control and refine LLM
outputs. Our work builds upon this by applying prompt tem-
plates that are enhanced with concrete requirements.

Li et al. [10] examined the potential of LLMs guided by
chain-of-thought (CoT) prompting for automating the trans-
lation of user stories into UML class diagrams. They found
that LLMs are effective in identifying classes from user
stories, particularly when combined with well-crafted prompts.
Observed limitations include the LLM sometimes failing to
recognize important domain entities, indicating a lack of deep
semantic understanding.

Ferrari et al. [7] explored LLMs for generating UML
sequence diagrams directly from textual requirements. The
findings emphasize the importance of interactive prompting
and feedback loops to enhance the accuracy and relevance
of the generated diagrams. This interactive approach is high-
lighted as essential for producing high-quality results. We
adopt this approach in our work.

Similarly, Camara et al. [6] critically evaluated ChatGPT’s
performance in UML modeling tasks. They acknowledged
strengths like rapid generation of initial drafts and identified
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limitations, such as difficulties when handling complex or
ambiguous requirements.

The importance of prompt engineering to enhance LLM per-
formance is supported by White et al. [11]. They presented a
collection of prompt patterns tailored for software engineering
tasks. The study’s findings demonstrate that using well-crafted
prompts drastically enhances the accuracy and usability of
LLM outputs.

The presented studies demonstrate the potential of LLMs
in UML modeling. However, existing work does not outline
a process integrating LLMs and prompt engineering for use
case model generation. No studies have quantitatively assessed
the extent to which LLM-based approaches can accelerate the
modeling process. There is also a lack of in-depth qualitative
analysis capturing software engineers’ experiences and per-
ceptions when using LLMs for use case modeling.

III. METHODOLOGY

This section first explains the high-level research design.
We then discuss the implementation of the supportive tooling.
Finally, we detail the experiment procedure as well as the data
analysis.

A. Research Design and Strategy

A mixed methods approach was chosen to evaluate the
proposed methods’ effectiveness and user experience for gen-
erating LLM-based use case models. This approach combines
quantitative and qualitative research studies to comprehen-
sively understand how software engineers perceive the LLM-
based modeling approach, supporting this with an experiment
and interviews.

To answer RQ1, we collected numerical data that supports
the observed time differences between the two modeling
approaches, as well as data on the model quality, which
compares accuracy between manual and Al-generated models.
The quantitative component of the study involved measuring
the time it took participants to develop a use case model, both
with and without the proposed method. This was based on
predefined requirements texts of comparable length. To im-
prove accuracy, the requirement texts were cross-validated by
substituting them among the participants. The within-subject
experimental design minimizes inter-participant variability, as
each participant completed the exercise in both conditions,
ensuring direct comparability.

The qualitative component consisted of a semi-structured
interview to explore RQ2. The semi-structured interview was
chosen to explore topics in more depth by asking follow-up
questions. This flexibility allowed the interviewer to adapt
to the conversation and examine interesting or unexpected
responses more closely, providing more detailed information.

Participants were recruited contingent on recommendations
from professional networks. The participant pool had an aver-
age of seven years of relevant professional software develop-
ment experience, ensuring they had the necessary knowledge,
skills, and expertise for the study.



The mixed methods approach improves the understanding
of the experiment results and interview findings. Employing
different data types strengthens the validation process and
reinforces the overall argument [12]. This approach ensures
that both RQI and RQ?2 are addressed comprehensively. While
the modeling time may be used to compare performance,
qualitative feedback can explain the underlying reasons for
these differences, improving the interpretation and application
of results [13].

B. Tool

For this study, a method, i.e., a process and tool, was devel-
oped for the generation of use case models from requirements
text. The tool stands at the core of this study’s experiments
and interviews, designed around the use case model generation
process.

The developed tool encompasses the unmodified open-
weight LLM Llama 3.1 70B [14], for entity extraction and
for generating the use case model in PlantUML!. To improve
the LLMs’ output, different prompt engineering patterns were
employed: Role prompting [15] is implemented by instructing
the LLM to act as an expert in software engineering. Knowl-
edge Injection [16] provides the LLM with comprehensive
knowledge in PlantUML syntax, and Negative Prompting [17]
helps to avoid common errors that can occur during the
generation of use case models.

After initial testing, we opted for a semi-automated model-
ing workflow, as an automated process frequently resulted in
the model hallucinating and inaccurate PlantUML syntax. This
decision aligns with the recommendations of Tiwari et al. [18],
who advocate for a semi-automated questionnaire method to
empower users with enhanced control over the output.

Figure 1 shows the workflow of the developed tool: In the
first step, all actors from the requirements text are identified.
In the next step, only use cases that have a relationship with
one or more of these actors are extracted. Finally, based on the
intermediate results, the use case model is generated. Before
each step, users have the opportunity to validate and refine the
results from the previous step.

The repository containing the implemented method, in-
cluding the prompts and requirements texts, is available on
Zenodo [19].

C. Experiment Procedure

The study consisted of four distinct phases, which took ap-
proximately 50 minutes to conduct. All participants completed
the tasks in the following order:

Step 1 - Introduction: To ensure familiarity with use case
modeling, participants received an overview of the research
topic and an example use case modeling exercise.

Step 2 - Baseline exercise: Participants were assigned one
of the two requirement texts and manually created a use case
diagram, plus detailed descriptions for two use cases from the
diagram.

Uhttps://plantuml.com
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Step 1
Prompt Logic Layer Lm
User
Input requirements text
Forward refined input
Present extracted actors for validation
Validate and refine actors
Input actors and requirements text

Step 2 P d

Forward refined input
Present extracted use cases for each actor
Validate and refine use cases
Input actors, use case and requirements text

Step 3 P q

Forward refined input
Present generated use case model
Validate and refine use case model

Prompt Logic Layer LM

User

Fig. 1. Proposed LLM-based use case modeling workflow

Step 3 - LLM-based exercise: Subsequently, participants
were given the remaining requirement text and used the
proposed method to develop the use case model.

Step 4 - Semi-structured interviews: Finally, after complet-
ing the prior tasks, participants were interviewed, investigating
the following areas: (1) impressions and usability, (2) useful-
ness, (3) quality and reliability of outputs, (4) challenges, and
(5) suggestions for improvement.

D. Data Collection and Analysis

The quantitative data collected is the amount of time re-
quired by the participant to complete the modeling in steps 2
and 3. For both modeling steps, the participants had no time
limit and were instructed to model until they were satisfied
with their results. The time spent reading through the textual
requirements for the first time is not included in the measured
times. Omitting this variable from the calculations helped
to reduce the impact of external factors, such as individual
reading speed. The qualitative data from the interviews were
audio-recorded and later transcribed for subsequent analysis.

Even with the limited sample size of five observations,
a paired t-test can successfully find a significant difference
between the two modeling conditions if the difference is high
enough. The aim of this statistical analysis was to provide
preliminary empirical evidence on the effects of the tool.

To further support the statistical analysis of RQIl, we
evaluated the quality of the generated use case models against
each participant’s manual approach. This evaluation involved
comparing the models to a manually created ground truth
model, based on semantic alignment. The evaluated data is
available in the supplementary material [19]. The quality score
is based on the core model elements — actors and use cases —
which form the structural foundation of a use case model. It



Number Requirements Exercise Time (min)
P1 B Manual 14.2
P2 A Manual 19.1
P3 B Manual 11.02
P4 B Manual 16.9
P5 A Manual 26.3
Pl A LLM-based 4.8
P2 B LLM-based 6.25
P3 A LLM-based 4.2
P4 A LLM-based 9.6
P5 B LLM-based 10.4

TABLE I

UNPROCESSED OBSERVED MODELING DATA

does not include relationships, because their interpretation is
more context-dependent. The detailed descriptions of the use
cases are hard to measure and were not included either.

The qualitative data were structured with a thematic anal-
ysis, which identified recurring patterns, insights, and sug-
gestions. The interviews were transcribed and coded using
a systematic marking process to generate key themes as
proposed by Braun et. al. [20].

IV. RESULTS

This section lists the results of the quantitative and qualita-
tive analysis.

A. Quantitative Analysis

The within-subject experiment involved five participants,
each tasked with generating a use case model for two similar
requirements texts, one manually and one utilizing the pro-
posed LLM-based method. The modeling times were recorded
for both methods to evaluate efficiency gains. The results show
that the LLM-based approach significantly accelerates the use
case modeling process. On average, participants completed the
task roughly 60% faster using the LLM-based method.

A paired t-test was conducted to determine whether the
observed differences in modeling times between the manual
and LLM-based approaches were statistically significant. The
prerequisite that the data follows a normal distribution was
evaluated using the Shapiro-Wilk test [21]. The paired t-
test yields a t-statistic of 6.05 with a p-value of 0.0037,
indicating that the time reduction associated with the LLM-
based approach is statistically significant at the v = 0.01 level.

Despite the small sample size and due to the large effect
observed, the statistic analysis concludes that the proposed
method significantly improves efficiency in use case modeling.
Due to the lack of counterbalancing (see section VI), the
results should be regarded with caution. Detailed time mea-
surements and descriptive statistics are summarized in Table I
and Figure 2, respectively. Additionally, Table III exhibits high
precision, indicating most use cases generated by the model
were valid, while a higher recall compared to the manual
approach suggests that more elements from the ground truth
were identified, further supporting the quality of the results.
Since all actors were correctly identified in both approaches,
no separate table was provided for these calculations.
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B. Qualitative Analysis

A thematic analysis of interview data [20] complements
the quantitative analysis. Four key themes provide a deeper
understanding of participants’ experiences and perceptions of
the method: (1) Perceived Usefulness, (2) Quality and Reli-
ability of Outputs, (3) Perceived Concerns, and (4) Proposed
Areas for Improvement. A summary of the key insights of
each theme is presented in Table II.

Theme 1: Perceived Usefulness:

A key theme that emerged from the interviews is the per-
ceived usefulness of the proposed LLM-based method. All



Theme Key Insights

Perceived Usefulness
more accessible to non-experts.

Quality and Reliability

Perceived Concerns
adaptability.

Proposed Improvements

Simplifies the modeling process and accelerates development. Lightens workload, making use case modeling

Outputs align closely with expectations. Provides the user with a feeling of control.

Lacks iterative dialogue. Risk of over-reliance on outputs. Inconsistencies across iterations and limited domain

Suggestions include an interpretability feature, output caching, and a visual UML editor.

TABLE II
THEMES AND KEY INSIGHTS FROM THE QUALITATIVE ANALY SIS

.. Manual LLM

Participant . -

Precision  Recall F1 Precision  Recall F1
P1 1.00 0.83 0.91 0.88 0.78 0.82
P2 0.88 0.78 0.82 0.75 1.00 0.86
P3 0.83 0.83 0.83 0.67 1.00 0.80
P4 0.67 0.67 0.67 0.82 1.00 0.90
P5 0.75 0.67 0.71 0.86 1.00 0.92
Avg 0.83 0.76 0.79 0.79 0.96 0.86

TABLE III
PRECISION, RECALL, AND F1 SCORE FOR MANUAL VS. LLM APPROACH
— USE CASES

participants were optimistic about the method’s usefulness and
emphasized its ability to reduce the workload of software
engineers and significantly speed up the modeling process.

The participants emphasized several benefits of the work-
flow: The method helps to refine intermediate results by
eliminating irrelevant or hallucinated data generated by the
LLM in earlier phases. It also allows software engineers to
confirm or revise the model’s interpretation of the textual
requirements. Rather than starting from scratch, a user can
build on the generated model, refining and adapting it as
required.

The participants underlined the perceived benefits of the
LLM-based use case model generation. They noted that the
proposed method significantly accelerates the creation of use
case models compared to manual approaches. The tool was
perceived as particularly valuable for teams with limited
resources who want to improve their development practices.
Participant 4 said that “Despite the usefulness of use case
diagrams, they are rarely created in practice due to a lack of ex-
pertise or time.” Similarly, participant 5 commented: “The tool
is particularly useful for application lifecycle management,
enabling non-experts in requirements engineering to design
requirements or identify users and their interactions with the
system.”

Theme 2: Quality and Reliability of Outputs:

The second important theme raised in the interviews was
the quality and reliability of the results generated using the
proposed method. The participants rated the method’s perfor-
mance positively, especially regarding how well the generated
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results aligned with the requirement text. Overall, they were
satisfied with the system’s ability to produce reliable results
while leaving room for user input and control.

The participants praised the method for producing results
similar to those they might have created manually. It was
characterized by a high level of alignment with the content
and intent of the requirements text and provided users with
control throughout the modeling process. Overall, participants
were satisfied with the performance, which provided reliable
outputs while giving ample opportunities for user intervention.
Participant 1 described the results as “meaningful”, and par-
ticipant 3 commented: “I was satisfied with the generated use
cases and would have modeled them similarly myself”.

Theme 3: Perceived Concerns:

This theme reflects the challenges and limitations participants
identified in applying the proposed LLM-based method. These
concerns include both practical workflow issues and LLMs’
inherent limitations, particularly in real-world software devel-
opment practice.

Participants noted that the method lacks reasoning capa-
bilities to check whether the generated use cases match the
requirements text. Unlike traditional requirements engineering,
which typically involves iterative and collaborative processes,
the tool does not support dialogue between stakeholders to un-
cover and refine the underlying goals. Participant 5 explained:
“A requirements engineer usually questions assumptions, asks
why, and explores alternative solutions. This iterative process
is missing from the workflow.”

Several participants also expressed concerns that users may
be less inclined to critically engage with the results. They
pointed out that the tool assumes precisely defined require-
ments, a condition rarely met in real-world projects. Participant
2 noted: “The scalability of the current version needs to be
validated with larger volumes of requirements text.”

Participants identified two technical shortcomings: First,
the non-determinism of LLMs causes inconsistency across
iterations. Second, the results were often not detailed enough
in the initial generation of the use case descriptions and needed
manual expansion.

Theme 4: Proposed Areas for Improvement:

The final theme identified in the interviews highlights sug-
gestions to improve workflow, quality of outcomes, and user
engagement. Participants made several specific propositions to



improve both the user experience and the overall effectiveness
of the LLM-based method.

Most participants recommend adding a feature that allows
users to trace use cases back to specific sections of the require-
ments text. This would support users in the manual validation
and help them to understand how the results were derived.
Participants also emphasised the importance of transparency
and coverage in the modelling process. The tool should gen-
erate use cases explicitly mentioned in the requirements and
highlight relevant use cases that may have been omitted, along
with explanations for their possible exclusion. In addition, the
tool should reflect business guidelines and go beyond basic
functionality to deliver greater strategic value. Participant 4
suggested: “A valuable next step would be to generate user
stories from use cases.”

Finally, creating persona descriptions was recommended
to make the modelling process more engaging and refine
requirements more effectively. Participant 5 commented: “In-
corporating methods like design thinking with Al-generated
persona descriptions or role-playing could encourage active
user participation and produce more high-quality results”.

V. DISCUSSION

The quantitative data, answering RQ1, shows that the pro-
posed method accelerates the use case modeling time for the
study participants significantly. This is consistent with the
findings from the interview data, where participants stated
that the method reduced the workload. The modeling time
is reduced by approximately 60% on average. At the same
time, the model quality remains comparable: The comparison
to manually created models shows similar precision, recall,
and F1 score. Furthermore, the participants confirm that the
generated models have good quality. This can be predomi-
nantly ascribed to the incorporation of intermediate steps in the
modeling process, which enabled the participants to exercise a
high degree of control over the outcome: A close observation
of the participants’ workflow during the experiment revealed a
recurrent tendency to make adjustments to the intermediate or
final output of the model: deleting unnecessary actors, editing
use case titles, or refining the final output. Our findings support
existing literature on the effectiveness of LLMs in use case
model development and give an estimate of how much the
development times are reduced.

The insights collected during the interviews, answering
RQ2, indicate that developers are receptive to receiving as-
sistance during the use case modeling process. Participants
acknowledged that developing use case models is a funda-
mental process of requirements engineering. However, it was
also noted that this process does not currently receive sufficient
attention due to time constraints and go-to-market pressures,
resulting in inadequately documented projects. Participants re-
garded the tool as a potential solution to this issue, as it would
alleviate the time burden on developers when creating use case
models. The acceleration can lead to more efficient develop-
ment workflows and improved stakeholder understanding and
engagement. However, participants also noted that in practice,
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requirements are often developed and refined iteratively over
time. Consequently, use case models are typically not created
in a single session but evolve alongside the requirements. The
participants raised the issue that this evolution is not supported
by the developed method. While the participants had a positive
attitude toward the tool support, they found a few areas for
further improvement of both the method and the tooling.

V1. THREATS TO VALIDITY

This study acknowledges several limitations that may affect
the validity of its findings. First, the limited sample size
precludes the possibility of generalizing the findings from
the within-subject experiments to the broader community of
software engineers [22]. Future research should use a larger
and more varied participant pool to enhance the robustness
and representativeness of the findings.

The complexity and nature of the requirements texts em-
ployed in the study constitute an additional limitation. The
requirement texts were deliberately crafted to be similar in
complexity and length to other UML modeling studies [5].
While this design choice enables comparability with related
work, it does not fully reflect the challenges encountered in
professional domains, where requirements are often signifi-
cantly longer and more complex. Since the performance of
LLMs across different input lengths is not well understood
[23], these results cannot be generalized to more extensive
requirements.

When answering RQ1, we found a very large time reduction.
However, there is a possible practice effect involved [24]:
Each participant first developed the use case model manually,
followed by the LLM-based approach. The authors of this
study do not assume that the practice effect can account for the
whole effect observed; still, it hurts the statistical significance
of the time reduction. To mitigate this effect, a further study
should implement counterbalancing or avoid using a within-
subjects design.

Finally, the study’s results considered both the perceived
quality of the LLM-based generated models and an objective
measurement of the model quality. The limited sample size
prevents drawing definitive conclusions about its effectiveness.
Furthermore, the ground truth model created for comparison
might not be of sufficiently high quality to create a meaningful
metric.

VII. CONCLUSION

In this paper, we have proposed an LLM-based method for
use case modeling and examined both its effectiveness in re-
ducing modeling time and software engineers’ attitudes about
being assisted in this task. The experimental results showed
that the proposed method reduces modeling time compared to
manual modeling by 60% on average. An inspection of the
resulting models shows that this method yields a comparable
model quality compared to manual modeling. Through follow-
up interviews with the study participants, we gained deeper
insights into the strengths and limitations of the method. The
participants agree that the quality of the generated use case



models is comparable to those created manually. The proposed
method was well received, and the participants recognized the
potential to improve communication between business and IT
professionals.

The findings show significant potential in increasing the
efficiency of software engineering. This would allow engineers
to concentrate on more complex tasks while improving project
documentation. A future version of the method should address

the

limitations identified, increasing the tool’s adaptability.

Overall, this research demonstrates the potential of LLM-
based tools for use case modeling and highlights the need
for further research into scaling the method to accommodate
larger requirement texts, diverse domains, and collaborative
team environments.

(1]

2

—

[3]

[5]

[6]

[71

[10]

[11]

[12]

[13]

[14]

REFERENCES

K. Bittner and I. Spence, Use case modeling.
Professional, 2003.

N. Salem, A. Hudaib, K. Al-Tarawneh, H. Salem, A. Tareef, H. Salloum,
and M. Mazzara, “A survey on the application of large language models
in software engineering,” Computer Research and Modeling, vol. 16, pp.
1715-1726, 12 2024. doi: 10.20537/2076-7633-2024-16-7-1715-1726
T. Eisenreich, S. Speth, and S. Wagner, “From requirements to archi-
tecture: An ai-based journey to semi-automatically generate software
architectures,” in Proceedings of the Ist International Workshop on
Designing Software, 2024. doi: 10.1145/3643660.3643942 pp. 52-55.
T. Eisenreich, “From requirements to architecture: Semi-automatically
generating software architectures,” in EMISA 2025. Gesellschaft fiir
Informatik eV, 2025. doi: 10.18420/EMISA2025_08 pp. 59-63.

B. Wang, C. Wang, P. Liang, B. Li, and C. Zeng, “How llms aid in uml
modeling: An exploratory study with novice analysts,” arXiv preprint
arXiv:2404.17739, 2024. doi: 10.48550/arXiv.2404.17739

J. Camara, J. Troya, L. Burguefio, and A. Vallecillo, “On the assessment
of generative ai in modeling tasks: An experience report with chatgpt
and uml,” Software and Systems Modeling, vol. 22, no. 4, pp. 1055—
1074, 2023. doi: 10.1007/s10270-023-01105-5

A. Ferrari, S. Abualhaija, and C. Arora, “Model generation from
requirements with 1lms: an exploratory study,” arXiv preprint
arXiv:2404.06371, 2024. doi: 10.48550/arXiv.2404.06371

H. F. Hofmann and F. Lehner, “Requirements engineering as a success
factor in software projects,” IEEE software, vol. 18, no. 4, p. 58, 2001.
doi: 10.1109/MS.2001.936219

A. Gemino and D. Parker, “Use case diagrams in support of use
case modeling: Deriving understanding from the picture,” Journal of
Database Management (JDM), vol. 20, no. 1, pp. 1-24, 2009. doi:
10.4018/jdm.2009010101

Y. Li, J. Keung, X. Ma, C. Y. Chong, J. Zhang, and Y. Liao, “Llm-
based class diagram derivation from user stories with chain-of-thought
promptings,” in 2024 IEEE 48th Annual Computers, Software, and Ap-
plications Conference (COMPSAC). 1EEE, 2024. doi: 10.1109/COMP-
SAC61105.2024.00017 pp. 45-50.

J. White, S. Hays, Q. Fu, J. Spencer-Smith, and D. C. Schmidt, ChatGPT
Prompt Patterns for Improving Code Quality, Refactoring, Requirements
Elicitation, and Software Design. Cham: Springer Nature Switzerland,
2024. doi: 10.1007/978-3-031-55642-5_4 pp. 71-108. ISBN 978-3-031-
55642-5

C. A. Blank, “Sage handbook of mixed methods in social & behavioral
research,” Journal of music therapy, vol. 50, no. 4, p. 321, 2013. doi:
10.1093/jmt/50.4.321

R. B. Johnson and A. J. Onwuegbuzie, “Mixed methods research: A
research paradigm whose time has come,” Educational Researcher,
vol. 33, no. 7, pp. 14-26, 2004. doi: 10.3102/0013189X033007014

A. Grattafiori, A. Dubey, A. Jauhri, A. Pandey, A. Kadian, A. Al-
Dahle, A. Letman, A. Mathur, A. Schelten, A. Vaughan et al., “The
llama 3 herd of models,” arXiv preprint arXiv:2407.21783, 2024. doi:
10.48550/arXiv.2407.21783

Addison-Wesley

228

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

for Computational Linguistics (Volume 1: Long Papers).

B. Xu, A. Yang, J. Lin, Q. Wang, C. Zhou, Y. Zhang, and Z. Mao,
“Expertprompting: Instructing large language models to be distinguished
experts,” arXiv preprint arXiv:2305.14688, vol. abs/2305.14688, 2023.
doi: 10.48550/arXiv.2305.14688

A. Martino, M. lannelli, and C. Truong, “Knowledge injection to counter
large language model (1lm) hallucination,” in The Semantic Web: ESWC
2023 Satellite Events, ser. Lecture Notes in Computer Science, vol.
13998.  Springer Nature Switzerland, 2023. doi: 10.1007/978-3-031-
43458-7_34 pp. 457-468.

D. Miyake, A. Iohara, Y. Saito, and T. Tanaka, ‘“Negative-prompt
inversion: Fast image inversion for editing with text-guided diffusion
models,” in 2025 IEEE/CVF Winter Conference on Applications of
Computer Vision (WACV), 2025. doi: 10.1109/WACV61041.2025.00207
pp. 2063-2072.

S. Tiwari, D. Ameta, and A. Banerjee, “An approach to identify use
case scenarios from textual requirements specification,” in Proceedings
of the 12th Innovations in Software Engineering Conference, ser. ISEC
’19.  New York, NY, USA: Association for Computing Machinery,
2019. doi: 10.1145/3299771.3299774. ISBN 9781450362153

N. Friedlaender, “Requirements2Usecase: Supporting Code for
"Leveraging Large Language Models for Use Case Model Generation
from Software Requirements".” doi: 10.5281/zenodo.15441831 2025.
[Online]. Available: https://doi.org/10.5281/zenodo.15441831

V. Braun and V. Clarke, “Using thematic analysis in psychology,”
Qualitative Research in Psychology, vol. 3, no. 2, pp. 77-101, 2006.
doi: 10.1191/1478088706qp0630a

S. Shaphiro and M. Wilk, “An analysis of variance test for normality,”
Biometrika, vol. 52, no. 3, pp. 591-611, 1965. doi: 10.1093/biomet/52.3-
4.591

E. Tipton, K. Hallberg, L. V. Hedges, and W. Chan, “Implica-
tions of small samples for generalization: Adjustments and rules of
thumb,” Evaluation review, vol. 41, no. 5, pp. 472-505, 2017. doi:
10.1177/0193841X166556

M. Levy, A. Jacoby, and Y. Goldberg, “Same task, more tokens: the
impact of input length on the reasoning performance of large language
models,” in Proceedings of the 62nd Annual Meeting of the Association
Bangkok,
Thailand: Association for Computational Linguistics, Aug. 2024. doi:
10.18653/v1/2024.acl-long.818 pp. 15339-15353. [Online]. Available:
https://aclanthology.org/2024.acl-long.818/

A. G. Greenwald, “Within-subjects designs: To use or not to use?”’
Psychological Bulletin, vol. 83, no. 2, p. 314, 1976. doi: 10.1037/0033-
2909.83.2.314



