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ABSTRACT

User stories have become the most widely adopted technique for
requirements elicitation and documentation in agile teams.
However, ensuring high-quality requirements through user stories
remains a significant challenge. Natural Language Processing
(NLP) techniques have been proposed to enhance the quality of
these artifacts, but technological constraints have limited their
effectiveness. More recently, the emergence of Large Language
Models (LLMs) has prompted new approaches. Nonetheless,
existing proposals remain preliminary and constrained. This
research presents a conceptual framework for an LLM-based
approach designed to support the generation of high-quality user
stories from real-time conversations with end-users, thereby
reducing the reliance on traditional requirements documents. The
approach integrates context-specific information and incorporates
automated and manual validation steps to ensure the quality of
LLM-generated content and mitigate hallucinations. A preliminary
evaluation was conducted with software engineering experts to
evaluate the proposed approach's adherence to real-world
problems. The proposal was perceived as easy to use, effective, and
capable of producing high-quality outcomes. Furthermore,
participants expressed a positive experience with both the
introduction to the approach and their involvement in the
evaluation. This engagement prompted reflections on novel
opportunities for integrating LLMs into their professional
practices.
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1 Introduction

Effective communication between the users' needs and the
development team is crucial for the success of a software project.
Over time, user stories have become the most common notation for
capturing requirements in agile development projects [1], [2], [3],
[4]. Typically written from the user's perspective, user stories

express their expectations using semi-structured natural language,
often following standardized templates [5], [6];

Empirical evidence shows that user stories effectively support
faster delivery, improve software quality, and enhance agile team
productivity [7], [8]. Despite these benefits, the effective
communication of requirements through user stories still poses
significant challenges. In practice, interpretation difficulties can
compromise accuracy and precision [9], and poorly written user
stories [3] tend to be ambiguous, incomplete, and open to multiple
interpretations, failing to capture complete requirements [10].
Although writing user stories is relatively straightforward, ensuring
they are complete, consistent, unambiguous, and testable remains a
significant challenge [11].

To mitigate these issues and support both the enhancement of
existing user stories [11] and the generation of requirements
documents [12], recent advances in Natural Language Processing
(NLP), particularly Large Language Models (LLMs) and
generative Artificial Intelligence, have been explored. These
approaches have demonstrated that LLMs can provide support for
high-quality user stories. However, the proposed solutions are still
very preliminary and present limitations. Most of them are based
upon pre-existing requirements documents (or even user stories),
which might add extra effort to the software development process.
The heaviest part of the work, capturing the requirements from
multiple sources (documents, conversations, interviews, research,
etc.), still needs to be done by humans without any support.

The existing proposals also do not count on validation of the
LLM's output as a step in the application process, either human or
automated. This issue impacts the results by having big and
complicated user stories and even making these more prone to
hallucinations [13], [14]. Hallucinations could be reinforced due to
the existing solutions not considering domain and context-specific
confidential information. Since these LLM agents were not trained
with company-specific data, the information they are based on
could not adhere to the end-user's particular reality.

This research aims to propose an LLM-based approach to
enable the creation of high-quality user stories from real-time
conversations with users. The remainder of this paper is structured
as follows: Section 2 presents the background; Section 3 introduces
the proposed approach; Section 4 reports on a preliminary
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evaluation conducted with software engineering industry experts to
validate the approach’s applicability to real-world problems; and
Section 5 concludes the paper and outlines directions for future
work.

2 Background

Natural Language Processing (NLP) techniques have been
widely used to support many different activities in the software
engineering domain [15][16][13], [15], [16], [17][13]. This
knowledge domain also potentially improves user story
quality[18].

A work to be highlighted is the application of NLP to detect
knowledge gaps in user stories [21]. This approach optimizes
existing but incomplete requirements by suggesting words to the
user story creator based on similar user stories. However, the
technique relies on an extensive base of pre-existing, well-written,
standardized user stories to be effective, which may be challenging.

Lucassen et al. [3] proposed a user story conceptual model and
a quality framework, called QUS. They introduced an automated
NLP-based tool (AQUSA) to evaluate the compliance of user
stories to the proposed quality criteria. However, AQUSA does not
ensure the holistic quality suggested by the QUS framework since
AQUSA is fully implemented to syntactic (textual structure)
criteria only. Authors are not sure that other quality types can be
implemented entirely in the tool due to technological limitations.

Despite the narrow scope of application and validation,
AQUSA, introduces a machine-aided approach to enhancing the
quality of user stories. It incentivized other authors' recent
exploration of these concepts by applying more advanced
technology. The recent popularization of LLMs like ChatGPT has
impacted on scientific research in multiple areas. Some authors
have pursued this opportunity within the User Stories field.

Rodriguez et al. explored the use of ChatGPT to recreate the
documentation of a healthcare communication platform to promote
patient-provider communication and patient engagement in a
commercial diabetes prevention program [12]. They generated a
shallow scope of content, recreating a few of the theoretical bases,
user stories, requirements documents, design diagrams, and code
for a subset of the requirements. As a result, a similar work that
took 200 human hours to develop was done in 5 hours using
ChatGPT on a complex domain like healthcare without having an
expert in prompt engineering in the team.

Zhang et al. proposed a conceptual model for LLM agents to
support multiple software engineering tasks, like coding or
requirements review [11]. The authors propose a multiple-role
agent solution, pre-assigning different expectations and functions.
In this experiment, multiple iterations between the Product Owner
and Requirements Engineer agents enhanced existing user stories
from an IT company. Experts from the same IT company
considered that the solution improved the user stories by providing
clarity, specificity, and business value to the stories. The lower
scores evaluated by experts were in simplicity, brevity, and
appropriate level of detail, resulting in too big stories, which could
increase ambiguity and loss of precision. Their research
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underscores the indispensable role of human intelligence in
monitoring and evaluating LLM-based approaches. The solution
also depends on enhancing pre-existing user stories, not creating
user stories from scratch.

3 The Proposed Approach

This work proposes a new concept of applying LLMs to the user
story generation process that does not require existing
documentation or specific prompt engineering knowledge while
still guaranteeing high-quality output, as seen in Figure 1.
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Figure 1: User Story Generation from Real-Time
Conversation

The proposed approach is tool-agnostic, meaning it can be
implemented using a variety of commercial or open-source LLMs
and transcription tools. However, it is still essential to ensure that a
private instance of these LLM tools is provisioned, since the
proposed approach may involve handling sensitive or confidential
information.

The proposed approach comprises two main processes: Setup
and Routine. This separation is designed to optimize its use by an
operator (e.g., Product Owner, Requirements Engineer), that is, the
professional responsible for eliciting and documenting
requirements in the form of user stories.

The approach also contemplates the user role, referring to the
application's end-user, or any stakeholder who holds the system’s
requirements representing the user’s interests. In some
organizations, the operator and user roles may be represented by
the same person.

The remainder of this section describes each process and step of
the conceptual proposal.

3.1 Setup Process

Setup is a process applied to parametrize, configure, train, and
validate the content and preparation of the LLM agent. This process
should be run as the initial step for interacting with the approach,
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and anytime the parameters, configurations, and training are
tweaked, which is expected to happen occasionally. The setup
process steps are described in the upcoming subsections.

3.1.1 Parametrization. The objective of the parametrization is
to define the LLM agent's configurations. These parameters can
change their behavior, impacting the resulting User Story. The
parameters may vary depending on the LLM technology applied
(GPT, Llama, Gemini, etc.), but some examples of variables that
might be adjusted are listed below.

Base Prompt: the fundamental prompt of the agent. It can be
used to express the role the agent will be playing (ex, Product
Owner, Requirements Engineer, etc.), the tasks it will execute, the
expected tone of the responses, the source of information that
should be used for the answers, etc.

Generation Prompt: the prompt used to generate user stories
during the routine process. This parameter enables the operator
(PO, RE, etc.) to adjust the generation prompt based on their needs
and usage/reviews. This prompt can be either simple, like: "Please
generate user stories from the following conversation", or a more
complex one, adding more details and requirements, or even
applying prompt engineering techniques.

Number of tokens in response: How many tokens (words,
character sets, or combinations of words and punctuations) should
the response contain

Temperature: How creative should the agent be (higher value
leads to more creativity but increases the risk of hallucinations).

Model Version: the version of the LLM model to be applied
(like GPT 3.5, 4, 40 on OpenAl) to process the prompts. This
choice might affect the output's speed and quality.

3.1.2 Domain information. Company or customer-specific
information relevant to support the agent to elaborate on the user
stories. A few examples are listed below, but the application should
not be limited to these options:

Customer Information: the contextual information of the
customer, like business segment, time in the market, description of
roles that may use the system on that specific customer, business
value, vision, cultural aspects, potential risk sensitivity (e.g., stock
market listed company, financial sector company, etc.);

Quality Criteria: what the operator, team, or software
company considers a good user story. Examples: Cohn's Guidelines
[19], INVEST [20], CCC [21], 5Cs [22] QUS Framework [23];

Regulations: regulatory norms or standards the software
application should comply with. Examples: GDPR, ISO, etc.;

Template: the desired user story template to write the resulting
user stories. Examples: Cohn's [19] template: "I as a (role) want
(function) so that (business value)";

Technical Requirements: technical constraints that must be
considered when writing user stories. Example: Story: "As a user,
I want to upload a profile picture so that my profile can have a
personalized image."; Acceptance Criteria: "The user can upload a
profile picture up to SMB in size; The user can upload a profile
picture in JPEG or PNG formats".

3.1.3 Validation. A validation step should be taken by the end
of the setup process to evaluate the LLM agent's responses to
known questions based on the domain information loaded. This
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step is essential to reduce the risk of hallucinations and can be done
manually (by a human) or in an automated way.

Human Validation: the operator should ask the LLM agent
questions to ensure the domain information and parameters have
been loaded according to expectations. Example: "What is Cohn's
user story template? Please provide the reference you used to obtain
the answer".

Automated Validation: another agent prepared with prompts,
questions, and expected responses to validate the primary agent's
outputs. Example: Question: "What is Cohn's user story template?
Response: "I as a (role) want (function) so that (business value)".
Since the response might not be syntactically like what the
verification agent is trained with, but semantically similar, an
LLM-based agent is required to provide such flexibility. This agent
does not aim to replace the human review but to support it by
offering an additional validation layer.

3.2 Routine Process

Routine corresponds to the regular application of the approach.
It is the process where the user story generation happens. There are
two main methods to apply the approach in practice: real-time or
post-processed. For real-time mode, the routine process would run
cyclically, in parallel with the operator and user conversation. For
the post-processed application method, the operator would record
the conversation and apply the routine process.

3.2.1 Conversation. Represents the verbal communication
between the operator and the user to define the expected software
outcome. This conversation could happen either in person or
remotely. If the conversation is in person, a means to digitally
capture the audio is required. It could be done through any audio
recorder for post-processed operations or a live stream for real-time
application of the approach. The operator should ask as many
questions as needed to support the user in detailing their
expectations and capture as many details as possible. In case the
operator and the user roles are represented by the same person, they
could explain verbally the context, the users’ requests, the biggest
pains, and expectations of changes on the existing software.

3.2.2 Speech-to-text. The conversation between the operator and
user is converted in real-time from voice (speech) to text. A wide
variety of tools in the market could support this job. Some video
conference tools already have this functionality embedded. This
step aims to capture a textual version of the conversation, that is, a
transcript, to serve as the basis for the upcoming steps.

3.2.3 User Stories (US) generation. The trained LLM agent
processes the conversation in text and is requested with the prompt
defined in the parameterization step (3.1.1) to generate the user
stories. User stories are generated based on the conversation and
the setup's domain information and presented to the operator.

3.2.4 Review. The generated user story is reviewed to ensure it
meets the customer's requirements. It is highly recommended to
have a human review in this step, where the operator analyses the
stories generated and evaluates if they meet the expected quality
criteria, regulations, technical limitations, etc., to avoid potential
hallucinations, missing requirements, and other mistakes the LLM
agent can make.
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An additional automatic review can be added to support the
human review. Another trained LLM agent could validate the
expected requirements from the domain information and the
customer conversation. This agent may not be the same as the
verification agent. Still, using an agent different from the one used
for the stories’ generation is recommended to specify different
tasks and expectations.

This step could also be an opportunity for the operator to review
the resulting user stories with the user, providing an additional layer
of validation and reliability. In a real-time application, the user
could see the process happening live.

4 Evaluation

An evaluation was conducted to assess the applicability of the
proposed approach in real-world software development contexts. It
took place in April 2025 and involved two software industry
experts in separate sessions, each lasting approximately 60 minutes.
An electronic form was used as support material, to guide
participants through the evaluation process, formalize their consent
to participate in the study, and collect feedback on the use of the
proposed approach.

4.1 Evaluation Design

The evaluation was designed to familiarize the participants with
the proposed approach, as well as the LLM and speech-to-text
technologies available within their organization; explore how these
technologies relate to and support the proposed approach, apply the
approach to their specific context, and evaluate the experience. The
evaluation was organized into three main steps, as described below.

Step 1 - Introduction: The researcher summarized the
conceptual proposal of the approach through an instruction booklet
containing the approach’s concepts and definitions, but no
theoretical background or related works. This material was made
available to the participant in a section of the electronic form.

Another booklet provided orientation on instantiating the
conceptual approach using tools available within the participants’
company — Google Gemini Advanced as the private LLM agent and
Google Meet as the speech-to-text tool. The booklet correlated each
conceptual step of the approach to the controls of the tools. The
Google Gemini and Meet Application Instructions Booklet was
also made available to the participants through the electronic form.
Both booklets are publicly available, and a link is provided in the
section “Artifacts Availability”.

Step 2 - Application: The participants were requested to apply
the approach to a real-world case according to the orientations
received in the first step. They could use the support of the
instruction booklets. The participants should do the setup with all
domain-specific information they would find relevant, explaining
the changes they would like to have in the software in a Google
Meet transcript, generating and reviewing the corresponding user
stories on Gemini Advanced (model 2.0 flash). To simplify the
application of the approach on this preliminary study, the operator
(who is responsible for generating user stories from the
requirements) and the user (who holds and describes the
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requirements) were the same person. Only human verification and
review were performed for the setup and routine processes.

Step 3 - Evaluation: The participants were requested to provide
feedback on applying the proposed approach to their context. A
questionnaire has been adapted from the Technology Acceptance
Model (TAM3) [24]. The objective was to evaluate the approach’s
Ease of Use (E), Usefulness (U), Output Quality (Q), and
Anticipated Enjoyment (F). A Likert scale objective response was
requested with 5 levels, varying from Strongly Disagree to Strongly
Agree for E and U. For Q and F, the scale was from Extremely
Unlikely to Extremely Likely. For each subsection of the evaluation
form, the participant was also requested to provide their confidence
level (C) in the ratings made, within 5 responses varying from Not
at all confident to Completely Confident. An open-ended question
was added at the end of the form for any additional comments or
suggestions.

4.2 Evaluation Application

Two industry experts participated in the evaluation. The two
participants work for a large global enterprise that develops
solutions across a wide range of sectors, including construction,
transportation, forestry, agriculture, military, geospatial and others.
Both professionals are currently allocated to the transportation
segment, which focuses on developing solutions to support
logistics activities, especially those involving trucks.

Participant A currently holds the job title of Product Owner
(PO), which, in the context of its company, is usually responsible
for the interface between the internal product team (product
manager, user experience designers, engineering management,
etc.) and the development team. The PO is responsible for eliciting
and documenting requirements (product discovery), prioritizing the
delivery backlog, and creating user stories. This expert is based in
Brazil, has eight years of experience in software engineering, and
has been working with agile methods and user stories for the past
four years. The real-world scenario applied in Participant A’s
evaluation involved an existing Internet-of-Things (IoT)
application. The goal was to improve its usability for both web and
mobile users.

Participant B currently works as a Product Manager (PM). In
their current company, they are responsible for the external
interface of a product, that is, other products, end-users, customers,
marketing, business, sales, design, support, and other areas. In this
company, these are the professionals responsible for gathering and
defining the requirements, and consequently, the direction to which
the software product will evolve through a roadmap. On larger
teams in this organization (approximately 25 members), it is not
usual for the PM to interact directly with the development team,
manage the backlog, or create user stories. However, for smaller
products, the PM is also the PO, responsible for eliciting and
documenting requirements, managing the backlog, and creating
user stories. The latter is the case of Participant B. This professional
is based in the USA and has 16 years of experience in software
engineering, with 13 years of experience working with agile
methods, consuming user stories, and 9 years of experience writing
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these. Participant B applied the approach to increment an existing
system with a notification functionality in a web portal.

The participants were requested to apply the approach to a
problem in their context. Participant A has configured a Gemini
agent with a tailor-made base prompt, mentioning the agent’s role
(PO), the company’s product for which the agent will work on, the
task it will be responsible for, in this case to generate user stories,
and describing the persona of the end user for which the stories
would be created for. The prompt will not be shared as part of this
research because it involves company proprietary and confidential
information. For the domain information, the participant included
a broader description of the persona who will use the feature, a copy
of the product’s public website, and a document with notes taken
from conversations with stakeholders. The requests in the
verification step were: “Can you read the documents attached?”,
“Tell me more about the persona”, “Tell me about the product”.

Participant A created a Google Meet conference with
transcription enabled, describing the changes they would like to
have on their systems. The transcripts were added to the Gemini
agent, with the generation prompt: “Please generate the user stories
of this new feature, ready to be shared with the development team,
with the goal to estimate and develop it”. Five user stories were
generated. The participant provided feedback to the agent in the
review step: to split one of the stories, providing more specific
details on how the change should be implemented, and to remove a
story, because it was a feature the system already had but was not
provided as part of the agent’s setup.

Participant B has used a base prompt adapted from Zhang et al.
[11] provided as an example in the Gemini and Meet instructions
booklet. The corresponding product and team’s knowledge base
(wiki) was provided as domain information to the agent, as well as
the personas that may be interacting with the product. A US-
specific regulation for truck drivers was also provided as context.
For the verification step, the participant has asked two questions:
“How many hours of driving does a driver have in a day?” and
“Who is the manager for the product in context?”. The agent has
passed the verification, responding to the questions correctly.

Participant B went through the same process of speaking about
the requirements in Google Meet and collecting the transcription.
The generation prompt was “Generate user stories based upon this
conversation about a new feature”. Four user stories were
generated. However, when the participant requested changes and
added more business information, the agent crashed and provided
random responses (hallucinations). The team’s wiki was removed
from the agent’s knowledge base, and stories were generated once
again. This time, seven stories were created.

A single review was requested to have the third story broken
into smaller stories, resulting in 8 user stories. Unfortunately, none
of the resulting generated user stories can be shared in this paper
since they involve company specific private content. Both
participants were requested to evaluate their experience using the
electronic form.
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4.3 Preliminary Results

The preliminary evaluation results are shown in Table 1. No
strong disagreement responses were obtained for Ease of Use and
Usefulness, nor were they unlikely or extremely unlikely for the
Output Quality and Enjoyment. On the confidence level questions,
all ratings provided were “Very Confident” or above.

Both participants agreed that the approach is easy to learn to
operate, to get the approach to do what they needed to do and
strongly agreed that the interaction between them and the approach
would be clear and understandable. There was no consensus on
flexibility: Participant A agreed with the approach being flexible to
interact with, while Participant B was neutral. Both participants
strongly agreed they found the approach easy to use.

From the perspective of Usefulness, both agreed that the
approach would enable them to accomplish tasks more quickly,
using the approach would increase their productivity, and make it
easier to have their jobs done. Participant B provided a single
response of disagreement throughout the whole form on enhancing
their effectiveness on the job. Participant A provided a neutral
response to this question. An opposite response was collected when
the subjects were asked if using the approach would improve their
job performance: Participant A was still neutral while Participant B
agreed. In general, both participants agreed that the approach would
be helpful in their jobs, with Participant A providing a “Strongly
Agree” response.

Participants A and B considered that the Output Quality was
likely high. Regarding whether the user stories they would make
using the approach would be high quality, Participant A responded
as “Neither”, while Participant B considered it “Extremely likely”.
Both participants mentioned they find the approach enjoyable to
use.

Regarding open feedback, both participants have reinforced the
novelty of the approach to their professional context. They mention
that the approach felt familiar since they had used LLM-powered
tools before but had never trained an agent with domain-specific
information or generated user stories directly from conversations.
They mentioned that participating in the evaluation has revealed a
new approach to performing this and other jobs in their professional
routine, like preliminary estimation or breaking down stories into
smaller and more technically detailed tasks.

It is important to highlight that neither of the participants had
great expertise working with LLMs, reinforced by the simple
prompts used by them.

The participants successfully applied the approach to their
context, generating user stories that they consider of good quality.
They mentioned that the initial stories created using the approach
were very similar to the ones they would create manually. In this
evaluation, no significant adjustments were made to the stories
during the review processes, only punctual tweaks such as adding
more context to the agent or splitting a story into two.
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Question A B

El. Learning to operate the approach

would be easy for me. e e
E2. I would find it easy to get the

approach to do what I want it to do. G G
E3. My interaction with the

approach would be clear and IS\tr(r):égly IS\tr(r):égly
understandable. & &

E4. 1 would find the approach to be

flexible to interact with. e Wewie)
E5. It would be easy for me to

become skillful at wusing the /itr?:egly /itr?:egly
approach. g g

E6. I would find the approach easy | Strongly Strongly
to use. Agree Agree
C1. How confident are you in the Ve Ve
ratings you have made on this page? Cofl};i dent Cofl};i dent
(Ease of Use)

Ul. Using the approach in my job

would enable me to accomplish | Agree Agree
tasks more quickly.

U2. Using .thls approach would Neutral fuaes
improve my job performance.

U3. Using the approach in my job

would increase my productivity. e e
U4. Using this approach would .
enhance my effectiveness on the job. Wizl DiepEiEe
US. Using this approach would

make it easier to do my job. e e
U6. 1 would find this approach | Strongly Acree
useful in my job. Agree g

C2. How confident are you in the Ve Ve
ratings you have made on this page? Cofl};l dent Cofl};l dent
(Usefulness)

Q1. Assuming I were to use the Tt

approach, the quality of the output I Likel Quite Likely
would get would be high. y

Q2. The user stories I would make Extremel
using the approach would be of high | Neither Likel y
quality. Y
F1. I would find using the approach | Quite Extremely
to be enjoyable. Likely Likely
C3. How confident are you in the | Very Completely
ratings you have made on this page? | Confident | Confident

Table 1: Evaluation Questions and Responses.

5 Conclusion

This research presents an approach to generating high-quality
user stories using LLMs. The proposal differs from [11], [12], [25]
in three main aspects. It eliminates the need for pre-existing user
stories or requirements documents, as it generates user stories
directly from conversations, the most common source of
requirements during the elicitation process. This contributes to
reducing the manual effort required for documenting and
summarizing requirements, saving time for practitioners.

Second, the approach introduces both manual and automated
verification and review steps to supervise the outputs generated by
the LLM agent. Third, it enables the inclusion of domain-specific
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knowledge into the process. These aspects enhance the precision of
the Al assistant and help mitigate hallucinations [13], [14].

The proposed approach contributes to the quality of user stories
in multiple ways. By leveraging LLM to generate user stories
directly from user conversations, it reduces dependency on human
effort, allowing the operator to focus on optimizing the details
rather than writing the story from scratch. Additionally, it supports
the application and evaluation of quality criteria throughout the
requirements engineering process.

The preliminary evaluation conducted in this study reveals the
effectiveness of the approach in industrial settings. The
participating experts provided highly positive feedback. They
evaluated the approach as easy to use, useful, enjoyable, and
capable of generating high-quality user stories with significant
confidence.

One limitation encountered during the evaluation involved
slowness and hallucinations when using the Gemini 2.0 Flash
model to process a large file. This issue points to limitations of the
specific LLM version used and suggests that future work should
explore alternative versions of Gemini or other commercial and
open-source LLMs for broader evaluation.

It is also worth noting that only the fundamental user story
generation agent was employed during the preliminary evaluation
for the sake of simplicity. Future research will explore multi-agent
interactions to support not only generation, but also validation and
review activities within the proposed approach.

Despite the promising preliminary results, the approach has not
yet undergone extensive validation in real-world applications. The
small number of participants limits the generalizability of the
findings. Further empirical studies are necessary to refine the
approach and evaluate its applicability across diverse contexts,
teams, and domains. Ongoing research aims to address these
limitations and strengthen the overall robustness of the solution.

ARTIFACT AVAILABILITY

The approach instructions and Google Gemini / Meet
Instructions booklets mentioned in this paper are publicly available
at: https://doi.org/10.6084/m9.figshare.29118686.
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