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Abstract. Large language models (LLMs) can support requirements en-
gineering activities in different ways. Prior studies have investigated this
potential through surveys and interviews with practitioners, focusing on
how LLMs are reportedly used in RE tasks. However, these studies do not
examine the actual prompts employed by software engineers in real-world
contexts. To address this gap, this exploratory study analyzes a log of
interactions between software engineers and LLMs during the execution
of requirements engineering activities. These interactions are compared
with the most frequently reported uses of LLMs in requirements engi-
neering, as identified through queries to Gemini, ChatGPT, and Claude.
Our motivation is to gain insights into how practitioners are using LLMs
in their requirements engineering practice. The results indicate that soft-
ware engineers issue a wide variety of requests to LLMs, many of which
diverge from the commonly reported usage patterns. Furthermore, the
identified queries span all requirements engineering activities, suggesting
a broader and more heterogeneous use of LLMs.
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1 Introduction

In recent years, there has been a growing popularization of the use of large
language models (LLMs), such as ChatGPT, Claude, and Gemini. According
to a 2025 McKinsey survey [3], 88% of the respondents’ organizations report
using AT for at least one business function, with the use of Al agents being more
prevalent in technology companies, particularly for software engineering.
Specifically in requirements engineering (RE), Al can support all its parts
[4] - elicitation, modeling, analysis, and management. LLMs can be used to
analyze existing documentation, format requirements into specific representa-
tions and templates, categorize requirements, assess requirement quality, and
simulate stakeholder perspectives, among other applications [4]. Despite these
possibilities, it remains unclear how requirements engineers actually use LLMs
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in practice. Our motivation is to gain knowledge on how practitioners are using
LLMs in their requirements engineering practice.

The analyzed chats were obtained from the real-world use of LLMs by soft-
ware engineers in their professional activities. We had access to a log of inter-
actions between software engineers and LLMs from Opus Software, a custom
software shop with 35 years of experience, serving clients ranging from large cor-
porations to early-stage startups. The chataﬂ reflect real-world use of LLMs by
professionals in their activities, including requirements engineering tasks. With
this data, one of the questions that came to us was to which extended these inter-
actions were similar to frequent LLMs interaction of other professionals. Knowing
more about LLM usage, in a particular setting, would add to the knowledge of
how practitioners do use LLM for RE tasks.

As such, we conducted a review of the literature. We have identified three
related literature reviews [GJ7JI8]. In their reviewers we did not find a reference
to studies on how practitioners were using LLMs for requirements, on the con-
trary. Zadenoori et al [I8, p.45] report the following: “This is confirmed by the
limited use of Field Studies and Experimental Simulations, which suggests a
gap in understanding real-world applicability.”, and “indicates that we currently
have no evidence of the viewpoint of practitioners across different companies on
LLM4RE.”

The systematic review conducted by [6] is centered on research on LLMs’ role
in RE, but not research on their use by practitioners. The authors mention: “The
following are real-world prompt engineering examples applied in SRE.” However,
the examples are from experiments with available data [I2JI6] , but not from
observed /real use by practitioners.

In [7] the authors explicitly observe the lack of strategies for the use of LLMs
by practitioners, concluding that: “This approach will help accelerate the adop-
tion of LLM-driven methods in real-world SE scenarios.” [7, p.556], so it also
does not deal with the use of LLM by practitioners.

Therefore, the objective of this work is to analyze how practitioners use LLMs
in their RE activities. To this end, we present an exploratory study that examines
chats between software engineers and LLMs from a company, Opus Software,
when performing requirements engineering tasks, comparing these interactions
with the most frequent uses of LLMs in RE. A total of 102 chats between April
2024 and April 2025 were considered, involving different versions of ChatGPT
and Gemini.

The identification of the most frequent uses of LLMs was carried out by di-
rectly querying two LLMs, with a third LLM used to summarize the resulting
information. The conversations were then mapped to these uses by a require-
ments engineering specialist.

This paper is organized as follows. Section 2 presents the background and
related works, discussing large language models and the use of LLMs in RE.
Section 3 describes the method used to identify the most frequent queries and

3 For confidentiality reasons, it is not possible to disclose the content of these chats,
as they involve information from commercial projects.



to map the chats to them. Section 4 presents the results of the chat analysis,
including the context and a discussion of the findings. Finally, Section 5 presents
the conclusions and future works.

2 Background and Related Work

Requirements engineering, like other areas of software engineering, can benefit
from the use of LLMs [I]. Next we discuss the concept of large language model
and its use in requirements engineering, discussing related works.

2.1 Large Language Models (LLM)

According to [2, p.4], language models are “Artificial Intelligence models spe-
cialized in understanding, processing and generating human (or natural) lan-
guage.” Large Language Models (LLMs) are language models pre-trained on
huge amounts of data.

Several techniques have been proposed for modeling natural language, includ-
ing bag-of-words and word2vec. However, the Transformer architecture [2] has
become the predominant due to its ability to represent inputs more accurately
and faster, as well as the possibility for parallel training, which significantly
accelerates the training process.

The original Transformer architecture use stacked encoders and decoders.
Encoders are components that represent natural language, while decoders gen-
erate it. Subsequent models have different configurations. For example, BERT is
an encoder-only architecture, while generative models, such as those in the GPT
family, rely exclusively on decoder components [2].

Currently, generative models, such as ChatGPT, Gemini, and Claude, are
widely used. These models can perform a large variety of tasks with no addi-
tional training, as well as having text as input, making their use straightforward.
However, generating prompts is not trivial nor exact, so some techniques and
heuristics have been designed to write a prompt that guide the machine to a
desired output [5].

2.2 Use of LLMs in Requirements Engineering

Some studies suggest potential uses of LLMs for RE [1/4]. However, to under-
stand how requirements engineers are actually using LLMs in practice, it is
important to rely on studies based on data from real users. In the quest for pri-
mary studies with such data, we used three strings in Google Scholar: 1) “use of
LLM for requirements engineering report from practitioners,” 2) “LLM usage for
requirements by professionals or practitioners interview survey,” and 3) “LLM
use requirements professionals frequent queries.”

We looked at the first 20 answers for each query, and selected the ones which
could be of interest, using the snippet produced by Google Scholar. We looked
at 12 papers, and read 6 of them, which we believed were more akin to our goal.



The work of Santos et al. [I3] aims to explore how requirements engineers
perform “elicitation and validation” and how they use LLMs, with three research
questions. One is about daily RE professional activities, another how profession-
als use LLM in their RE activities, and the last about the RE professionals’
perception on user stories generated by LLMs. They gathered responses from 21
professionals. Although respondents enumerated their choice of elicitation and
validation strategies, the LLM usage queries was just for generation of user sto-
ries. Using the available open data of [I3] we found that 8 respondents used
LLMs, but only 6 used it for user story generation, and two used for “Code
generation, Initial ideas for brainstorming, Technical documentation writing,
Requirements analysis or refinement, Initial ideas for brainstorming.” The work
did not ask which prompts were used. In the work the respondents reported on
what they use it for, but without detail on how (prompt used) they interact with
the LLM.

The work of Pasquale et al. [9] reports on the use of three LLMs (GPTS3,
GPT4, and Llama) in a joint work with an IT consulting company. In this case,
the LLMs performed the tasks of summarization of three textual documents,
user story generation from the summary, the epic Functional Design Specifica-
tion (FDS) Generation from the summary, and the merging of these two specifi-
cations into a FDS. The paper provides open data with the prompts used in joint
work. The LLMs results were compared with results produced by requirements
engineers with positive results, but with a caveat: “LLMs can help automate
and standardize the requirements specification, reducing time and human effort.
However, the quality of LLM-generated FDS highly depends on input and often
requires human revision.” [0, p.389]. Although the work did not report on actual
day-to-day use, it brings up categories of use, which the joint task force found
in need, if LLMs were to be adopted in the company.

Rani et al. [I1] tackles the adoption of Al in RE practices. A survey with 55
software practitioners, with different roles, was conducted. The paper reports on:
Adoption Levels, Al integration levels, and Responsible AI Practices. In the case
of adoption, specification and validation activities are prevalent over elicitation
and analysis. About the Al integration levels, which shows if decisions rely more
on human judgment, or more on Al, and to which side the collaboration is
towards human or Al (HAIC), the activities elicitation and validation are the
one where human judgement is preponderant. Regarding the Responsible Al
Practices, the results confirm that the respondents believe that the human must
be in the loop. When asked about the relation of usage categories and activities
more practitioners related elicitation with the category “Can automate significant
parts but requires human oversight.” Although the paper does not report on
the details of how practitioners do interact with AI, they provide data [10] on
adoption levels, on the balance of decision making in using Al, and categories of
use identified in the survey.

Spijkman et al. paper [15] adopted a process-oriented study in the context of a
low-code consultancy company using Agile Model-Driven Development. Within
three company projects, they interviewed practitioners in the roles of business



analyst or lead developer. The interview was used to elicit the case of the projects
within the MDD process and to probe the practitioners on how they would en-
vision using LLMs in their workflow. Based on the practitioners’ responses [14],
the authors identified the main 5 categories in which LLMs would be used: User
Story, Generation Acceptance Criteria Generation, Data Model Generation, Pro-
cess Model Generation, and Meeting Summarization. With these categories and
using previously published LLM prompt patterns for requirements, they built
the prompts, executed them on project data and evaluated them. This paper
does not delve into how practitioners performed in their day-to-day activities,
however the data related on practitioner’s look ahead in LLM usage is of interest
to compare with real usage.

Although the papers are not directly comparable to our work, they are related
in several aspects, as we have noticed. The fact that they provide open data, it
also brings an opportunity for future work on relating our findings with the data
they provide.

3 Method

The method, presented in Figure comprises three components: (1) the use of
the IRES framework [8] to anchor our motivation, by eliciting the context; (2)
the use of intentional modeling to explain the strategy for deriving a set of the
50 most frequent queries; and (3) the use of a mapping strategy to relate chats
to these 50 most frequent queries.

1 Goal Softgoal 2
Motivation A
LLMs queries +
be found
.Discovery that ﬂ
there is a lack of
. studies in most
.";‘;e‘r"f“i OE the frequent RE tasks
seearacﬁ gf :lorks queries o LLMs.
on real use of First
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an industry interaction and

sample of 680 with GeJmlnl ChatGPT

chats with ChatGPT

Me&ging the Ta Sk
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Chats related P .
to RE q 50 most frequent queries  Resource

Fig. 1. Research method comprising of three components.



The first component is inspired by the IRES framework [8]. It is described
by the elicitation of context information that grounded our motivation, as seen
on the arrow on the top-left part of Figure [I}

The second component, on the right part of Figure is based on the i* frame-
work [I7]. Our motivation was to understand the actual use of LLMs in require-
ments engineering tasks. Our goal and softgoal were ask LLMs. As the first task,
we asked Gemini and ChatGPT to provide queries/prompts they have received
from software developers related to requirements engineering responsibilities and
to categorize them into the following categories: elicitation, modeling, analysis
(verification and validation), and management. The second task consisted of hav-
ing ChatGPT and Gemini answer the 50 most frequent queries/prompts from
software engineers with responsibilities in the area of requirements engineerin

The answers were credible, and at the end, we obtained the 100 most fre-
quent queries received by these LLMs. However, for our initial work on the most
frequent queries, we needed to summarize these 100 queries into the top 50 most
frequent ones.

To achieve this, we interacted again with an LLM, this time using Claude.
We formulated a structured prompt to generate a consolidated list of 50 queries,
ordered by frequency (from the most to the least frequent), considering the
persona of a requirements engineering researcher. The result is presented in
Table [Tl

The third component of the method, presented in the lower-left part of the
Figure [I] consists of mapping real software engineers’ chats related to RE to the
50 queries. Each chat corresponds to an interaction session between the LLM and
an engineer and, therefore, contains multiple queries and statements posed by
the engineer, as well as responses generated by the LLM. The messages (queries,
statements, and responses) may include text, images, or documents.

Each chat was read carefully by a RE specialist in its entirety, considering all
its queries, statements, and responses. As a result, some chats were mapped to
more than one of the 50 most frequent queries. For instance, one chat contained
10 interactions between the software engineer and the LLM and was mapped to
5 of the most frequent queries. However, each chat was mapped only once to a
given query, even if the same request was made multiple times within the chat.

Since some of the most frequent queries were too specific, it was necessary
to abstract them for mapping purposes. For instance, in query 11, instead of
considering the IEEE 830 standard, any standard was considered. Similarly, in
query 33 instead of “best practices,” the analysis considered the specific practices
requested, such as feasibility.

4 Analysis of LLM interactions

The chats were obtained from interactions involving software engineers who per-
form RE activities, among other responsibilities, at Opus Software. The company

4 The questions and answers were originally written in Portuguese and were translated
into English with the assistance of an Al for presentation in this paper.



Table 1. List of 50 most frequent queries, ordered by frequency, reflecting the per-
spective of a requirements engineering researcher, based on responses from Gemini and
ChatGPT and consolidated by Claude.

# |Query

1 [Who are the main stakeholders for a system in the [domain|?

2 |What questions should I ask the client/user to understand the problem and elicit requirements?

3 |What are the functional requirements of a system in the [domain]?

4 |What are the critical non-functional requirements for a system in the [domain|?

5 |Identify user needs and potential requirements for [system/domain].

6 |Transform this idea/text into clear and testable requirements.

7 |Generate requirement hypotheses based on this scenario.

8 |What are the existing business processes and constraints in this domain?

9 |Analyze this document/transcript and extract implicit business needs.

10|Help define the scope of this project to avoid scope creep.

11|Generate a complete Software Requirements Specification (SRS) following the IEEE 830 stan-
dard for [system)].

12| Write User Stories with Acceptance Criteria for [functionality].

13| Transform these informal requirements into Gherkin statements (Given / When / Then).

14 |Convert this descriptive text into a structured Use Case (main and alternative flows).

15|Rewrite these requirements to remove ambiguity and make them clear and testable.

16| Generate a table of Functional Requirements based on this meeting transcript.

17|Classify and organize requirements by priority / backlog / epics and user stories.

18| Document requirements in plain language for non-technical stakeholders.

19|How can I elicit privacy/security requirements for a system handling sensitive data?

20| What are the business requirements for [system/domain|?

21|Create use cases and describe main and alternative flows for system [X].

22|Model a sequence diagram for the [functionality] process.

23|Model entities and relationships / a class diagram for the [module].

24|Identify dependencies and conflicts between requirements.

25|Identify gaps and suggest improvements to these requirements.

26| Describe the user journey for [persona] performing [task].

27|Suggest a functional decomposition structure for the [domain] system.

28| Trace requirements to business objectives.

29| Propose an architecture and map requirements to system components.

30|Evaluate architectural trade-offs based on these requirements.

31| Are these requirements complete, consistent, and testable?

32|Identify ambiguities and vague terms (e.g., “fast”, “intuitive”) in these requirements.

33| Validate these requirements based on requirements engineering best practices.

34 |Suggest quality metrics and checklists to validate these requirements.

35|Generate test cases and scenarios (happy path and edge cases) from the requirements.

36|Generate acceptance criteria and tests (BDD/Gherkin) for these requirements.

37|Create a Requirements Traceability Matrix (RTM) linking requirements to test cases.

38| Classify requirements by risk and assess the impact of changes.

39|How can this non-functional requirement be made measurable and testable?

40| Which compliance requirements (e.g., LGPD, GDPR, WCAG) apply to this system?

41|Identify conflicts between non-functional requirements (e.g., security vs. usability) in this sce-
nario.

42|Create a MoSCoW prioritization matrix for these requirements.

43|Suggest scalability and availability requirements for a high-demand system.

44|How should explainability, bias, and ethical requirements be specified for an AI system?

45|How should Human-in-the-Loop requirements be documented for this automated process?

46|Specify monitoring requirements for an AI model in production (e.g., data drift).

47| What data requirements are needed to train/operate an AI model of type [type]|?

48| Create requirements addressing hallucinations and latency constraints in LLM-based interfaces.

49|How can requirements changes be managed in an agile environment while preserving documen-
tation?

50|Act as a senior requirements engineer and review this document, identifying logical flaws.

focuses on Open Finance, digital transformation, Al, big data, and microser-
vices. Beyond technical delivery, Opus brings applied business knowledge to its
projects, an unusual combination in the industry. To keep corporate data off free
AT tools, Opus built an internal Al chat platform called Opus Boost, which is



the data source for this study. It allows corporate users to interact with different
LLMs, such as ChatGPT and Gemini.

The exploratory analysis considered 102 chats, randomly selected from a set
of 680 chats (15%) produced by 12 software engineers.

4.1 Analysis

The 102 chats were initially classified by one of the researchers into two groups:
(1) related to RE and (2) not related to RE. Chats for which the researcher was
uncertain about the classification (27 cases) were subsequently reviewed by a
second researcher with expertise in requirements engineering. After this review,
a final set of 29 chats was obtained.

The 29 chats were analyzed by a researcher with experience in requirements
engineering and mapped to the most frequent queries. During this analysis, seven
chats were considered not related to requirements engineering activities. There-
fore, the mapping was based on 22 chats. The results are presented in Table

Table 2. Mapping of chats to the most frequent queries and RE parts.

# |Most frequent query # of chats|RE part

33| Validate these requirements based on requirements engineering best prac- 2 Analysis
tices.

12| Write User Stories with Acceptance Criteria for [functionality]. 2 Modeling

=

1 |Who are the main stakeholders for a system in the [domain]|? Elicitation

What questions should I ask the client/user to understand the problem 1 Elicitation
and elicit requirements?
3 |What are the functional requirements of a system in the [domain]? 1 Elicitation
5 |Identify user needs and potential requirements for [system/domain]. 1 Elicitation
6 |Transform this idea/text into clear and testable requirements. 1 Elicitation
7 |Generate requirement hypotheses based on this scenario. 1 Modeling
11|Generate a complete Software Requirements Specification (SRS) follow- 1 Modeling
ing the IEEE 830 standard for [system)].
36| Generate acceptance criteria and tests (BDD/Gherkin) for these require- 1 Modeling

ments.

The most common uses (2 chats each) were the writing of user stories (as the
company adopts the user story technique in its projects) and the validation of
requirements based on best practices. All other uses appeared in only one chat
each.

Not all chat queries posed are included in the list of most frequent queries.
Table [3| presents these queries not identified as most frequent, indicating how
many chats included them. Among these non frequent queries, the most common
use was the summarization of texts related to requirements, such as transcripts
of elicitation meeting. Another frequent use was explaining concepts related to
requirements engineering techniques. The LLM was also asked by the software
engineers about the activities required to perform a requirements engineering
technique, as well as the estimated effort for such activities. Another identified
use was the creation of context diagrams.



# |Non frequent queries # of chats|RE part

53| Summarize a text related to requirements (e.g., an elicitation meeting General
transcript).

61|Explain concept [X] within the RE technique [Y]. 3 Conceptual

51| What activities are involved in performing the RE technique [X]? 2 Management

52| What is the estimated effort for this RE activity? 2 Management

57|Create a context diagram. 2 Modeling

55| Who are the personas represented in these user stories? 1 Analysis

56 |Compare these requirements with those of a competing system [X]. 1 Analysis

63| Improve a text describing a functionality. 1 Analysis

64| Which business rules are associated with this functionality? 1 Analysis

62| Generate Ul prototypes based on these functionalities. 1 Analysis

59|How can tool [X] be used to support the RE activity [Y]? 1 Conceptual

54|Create a presentation based on these requirements. 1 General

58| Generate a domain glossary. 1 Modeling

60|Break down the following epics into user stories. 1 Modeling

Table 3. Mapping of chats to non frequent queries and RE parts.

4.2 Discussion

The analysis of the chats indicates that software engineers made a wide variety
of requests to LLMs, most of which were not among the most common queries
identified. Considering the RE parts elicitation, modeling, analysis, and man-
agement (presented in Table [2| and , the most frequent use was to support
requirements modeling, particularly through the generation of user stories from
elicited functionality and context diagram. Another important use was related to
analysis, helping software engineers better understand the defined requirements.
Interestingly, these correspond to the two RE parts identified in [I1I] as having
the greatest potential for LLMs to collaborate with humans.

In elicitation, all identified queries were mapped to those suggested by the
LLMs, indicating that the professionals’ usage aligned with the expected uses.
Most queries focused on suggesting requirements, but there were also queries
regarding stakeholders and which questions should be asked to clients in order
to elicit requirements.

Two distinct types of use were general-purpose and conceptual uses of LLMs.
General-purpose use included tasks such as generating summaries and presen-
tations. Regarding conceptual queries, one possible explanation is that most of
them were posed by a single software engineer who, based on the chats, ap-
peared to have less experience. Nevertheless, the results indicate that LLMs can
support requirements engineering activities in multiple ways. Concerning use for
Management, it relates to managing requirements-related activities rather than
managing artifacts or contextual information.

Threats to validity This work presents some threats to validity. The identified
most frequent queries, obtained using three LLMs, do not necessarily represent
the most popular queries. The adopted method may introduce biases, whether
due to the specific queries posed, the order in which the LLMs were used, or
assumptions from the models themselves. Nevertheless, the use of three LLMs
was intended to mitigate such influences.



Another threat concerns the generalization of the results. The study consid-
ered chats from only one company, and these interactions reflect its organiza-
tional culture, practices, and client demands. In addition, only 22 chats related
to requirements engineering were analyzed, out of 102 interactions between soft-
ware engineers and LLMs, randomly selected from a larger dataset. It is also
unclear to what extent these conversations were actually used to support real-
world activities.

A further threat relates to the mapping process. The classification of which
chats were related to requirements engineering was performed by two authors;
however, the mapping itself was conducted by a single researcher. This decision
was motivated by confidentiality constraints associated with the conversations.

Finally, although this an exploratory study, a concern is the limited coverage
of literature, and some refereed work is, still, only available without a peer review.

5 Conclusion

This exploratory study advances the understanding of how practitioners use
LLMs in their requirements engineering practice. We obtained interactions from
software engineers working on real-world projects and, from a total of 102 chats,
classified 22 as related to requirements engineering activities. These chats were
then mapped to the 50 most frequent questions posed to LLMs for requirements
engineering activities. These questions were identified using Claude to consoli-
date responses generated by ChatGPT and Gemini.

The results indicate that the identified uses span multiple requirements en-
gineering activities, while also revealing the presence of conceptual and general-
purpose queries. The most common uses were related to modeling and analysis.

As future work, we intend to analyze the full set of 680 interactions from
a requirements engineering perspective. A key challenge lies in defining an ap-
propriate analysis approach, particularly for classifying these interactions. To
address this, we plan to leverage LL.Ms, while carefully considering confidential-
ity constraints. We also intend to explore existing open datasets to perform an
additional mapping, beyond that based on the most frequent questions.
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