Using LLMs for Requirements Specification in Data Science
Projects: An Industrial Experience Report

Murilo Coelho
Atlantico Institute
State University of Ceara
Fortaleza, Cear4, Brazil
paulo_coelho@atlantico.com.br

Matheus Paixao
State University of Ceara
Fortaleza, Ceara, Brazil
matheus.paixao@uece.br

Vitor Linhares
Atlantico Institute
State University of Ceara
Fortaleza, Cear4, Brazil
vitor_fontenele@atlantico.com.br

Savio Freire
Federal Institute of Ceara
Morada Nova, Cear4, Brazil
State University of Ceara
Fortaleza, Cearé, Brazil

Dione Amancio
Atlantico Institute
State University of Ceara
Fortaleza, Cear4, Brazil
dione_amancio@atlantico.com.br

Paulo Maia
State University of Ceara
Atlantico Institute
Fortaleza, Cear4, Brazil
pauloh.maia@uece.br

savio.freire@ifce.edu.br

Abstract

The integration of Data Science (DS) into complex domains, such as
hydroelectric plants, presents unique challenges for Requirements
Engineering, primarily due to a high degree of uncertainty and a
strong emphasis on non-functional requirements. Consequently,
the specification of requirements within these DS projects is often
overlooked, heightening the risk of misalignment between tech-
nical execution and business value. This paper presents an indus-
trial experience report on the adoption of Large Language Models
(LLMs), specifically Gemini, to support requirements specification
in a DS project within the power generation sector at the Atlan-
tico Institute. We detail a structured, human-in-the-loop workflow
that utilizes anonymized prompts to translate vague business goals
into comprehensive technical specifications, including User Stories,
Behavior-Driven Development scenarios, and acceptance criteria,
while adhering to data governance policies. Our internal evaluation
indicates that this LLM-assisted approach reduced the time required
to write specifications and improves communication and enhances
the quality of the requirements, ensuring that deliverables meet
both rigorous technical standards and stakeholder needs.
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1 Introduction

The software industry has witnessed a significant surge in the inte-
gration of Data Science (DS) and Artificial Intelligence (AI) models
into everyday business solutions [5, 11]. However, unlike traditional
software engineering, where the scope, target users, and expected
outcomes can often be defined with reasonable clarity upfront, DS
projects are characterized by a high degree of uncertainty [6, 9].
The exploratory nature of data, combined with rapidly evolving
business expectations, frequently results in vague initial scopes and
unpredictable development lifecycles [12, 17]. This fundamental
difference challenges standard software development practices, re-
quiring teams to navigate an environment where solutions emerge
iteratively as the understanding of the data deepens [10].

Within this uncertain landscape, Requirements Engineering (RE)
emerges as a vital, yet often overlooked, discipline [18, 20]. While
development teams frequently prioritize model performance and
technical experimentation, the specification of requirements is often
relegated to a secondary plane [20]. This lack of structure height-
ens the risk of misalignment between technical outputs and actual
business value, resulting in solutions that fail to address the core
needs of stakeholders [4]. Ultimately, it is the requirement itself
that serves as the fundamental anchor; precisely defined require-
ments are the bridge that translates high-level business goals into
actionable data tasks, providing the necessary guidance to navigate
the technical complexities inherent in data modeling [3].

In recent years, the emergence of Large Language Models (LLMs)
has introduced a transformative paradigm in Software Engineering,
particularly within the scope of RE [1, 2, 15, 16]. These models,
capable of processing and generating human-like text with high
contextual awareness, offer significant potential to streamline the
elicitation, refinement, and specification of requirements [15, 16].
In DS projects, where the translation of vague business goals into
technical specifications is a major bottleneck, LLM-based tools act
as a powerful catalyst [7, 8, 20]. By leveraging natural language
processing to suggest, validate, and structure requirements, these
tools help reduce the cognitive load on teams and minimize the se-
mantic gaps between stakeholders and technical experts, fostering
a more agile and assertive definition process [14, 19].

This paper presents an industrial experience report based on a
DS project developed at the Atlantico Institute for a partner in the
power generation sector. While the proposed LLM-assisted work-
flow is fundamentally a general-purpose RE technique applicable
to broad software development scenarios, this report illustrates its
practical effectiveness in a DS environment. Specifically, it demon-
strates how these models can alleviate the burden of specifying com-
plex, mostly non-functional requirements that demand advanced
expertise in both Data Engineering and DS [13, 19]. The target
audience for this report includes Product Owners, Requirements
Engineers, and Data Science practitioners navigating the challenges
of requirement specification in industrial settings. Furthermore, to
ensure compliance and confidentiality, no sensitive or proprietary
data from the partner was used in this report.
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2 Contextualization

This study was conducted at the Atlantico Institute, a Research
and Technology Organization (RTO) located in Fortaleza. Atlantico
serves as an Embrapii! unit for intelligent manufacturing, where
Embrapii acts as a funding agency that fosters industrial innovation
projects. The Institute possesses core expertise in DS and software
development, leveraging the Scrum framework for agile project
management. The industry partner operates in the power genera-
tion sector, specifically managing a hydroelectric plant. The primary
objective of the project being developed at Atlantico is to harness
data from multiple existing legacy and operational systems to drive
strategic decision-making within the partner’s operations.

The project proposes a continuous data ingestion workflow, cen-
tralizing information within a Data Lakehouse architecture. Fol-
lowing data processing and refinement, Al models are applied to
provide insights that populate a dashboard tailored for the partner’s
stakeholders. Figure 1 illustrates the proposed reference architec-
ture.

Hydroelectric
Systems

Continuous m

Ingestion

Figure 1: Base Project Architecture

As can be observed, a significant portion of the project’s ac-
tivities is intrinsically related to backend data processing, lacking
direct interaction with a traditional end-user. This scenario poses
a substantial challenge for requirements engineers with a limited
background in DS. While continuous refinement meetings are es-
sential to maintain business alignment, the textual specification
of the requirements must be highly rigorous to prevent technical
deviations during implementation. In this context, LLM-based tools
emerge as potential allies, assisting teams in the accurate writing
and technical specification of these requirements.

3 LLM-Assisted Requirements Specification
Workflow

Regarding the RE process within the project, the workflow is struc-

tured into three main stages: (i) identification of the scope to be

elicited based on the project roadmap and contract; (ii) external

refinement with the partner to understand business needs; and (iii)

!Brazilian Agency for Industrial Research and Innovation: https://embrapii.org.br/.
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internal technical refinement with the development team. Once
these stages are completed, it is expected that all essential informa-
tion for specifying the requirement has been successfully gathered.

Figure 2 illustrates the practical workflow we executed in this
project for LLM-assisted requirements specification, which we struc-
tured into four sequential stages. During the Preparation and
Elicitation stage, we actively gathered the necessary business
and technical context by analyzing the project roadmap, reviewing
the contractual scope, and holding refinement meetings with the
partner and our internal team. This collaborative effort culminated
in the design of an anonymized prompt. Next, in the AI Genera-
tion stage, we used these structured prompt segments to guide the
LLM in producing an initial draft of the requirement artifacts. The
core of our approach took place in the Evaluation Loop stage,
where we prioritized human validation. We thoroughly reviewed
the generated output to ensure contextual coherence, technical
feasibility, and strict alignment with our prior discussions, itera-
tively refining the prompt whenever the results fell short of our
expectations. Finally, during the Waiting stage, we restored the
anonymized placeholders with the actual project data and con-
verted the validated content into the official project artifacts ready
for development.

During the execution of this workflow (between November and
June 2026), we utilized corporate licenses of the Gemini model (ver-
sion 3.1 Pro) provided by the Atlantico Institute. However, due to
data privacy and governance policies, inserting sensitive or propri-
etary partner data into the tool is prohibited. To address this, the
team established masking criteria: any information that identifies
or characterizes the partner’s infrastructure, specific systems, or en-
compasses proprietary logic that cannot be shared with third-party
services must be anonymized. Therefore, the standard approach
adopted by the team consists of crafting anonymized prompts fo-
cused exclusively on leveraging the LLM to provide the technical
and textual structuring of the requirement. An example of this
prompting approach is presented below:

Prompt: I need to specify a requirement regarding the data ingestion
from System [XXXXXX] into the controlled environment [XXXXXX],
relating to alarms within the power plant.

Context: Data must be ingested through a [XXXXXX] connection,
arriving daily at 08:00 AM. Upon receiving this data, a pipeline must
be created to feed the bronze, silver, and gold layers of our [XXXXXX]
solution.

Format: The requirement must be formatted as a User Story, following
the “As a... [ want to... So that...” structure. Additionally, it must include
a BDD scenario in the “Given... When... Then...” format. Finally, based
on the provided information, generate the acceptance criteria.

Note: Maintain the [XXXXXX] placeholder pattern in the output so
that sensitive names can be properly substituted later.

Different versions of the prompt were tested for two months
before the final version was reached. Initially, providing instruc-
tions in a single, unstructured block resulted in generic outputs that
frequently ignored the required format. In practice, we observed
that strictly segmenting the prompt into ’Context’, ’Format’, and
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Figure 2: Overview of the LLM-Assisted Requirements Workflow Adopted in our Data Science Project

’Note’ constraints yielded results much more aligned with our ex-
pectations. Furthermore, providing detailed context proved crucial
to accurately feed the information into the generated User Sto-
ries, BDD scenarios, and acceptance criteria. Finally, the restrictive
instruction acts as a safeguard, ensuring that the anonymized place-
holders are strictly maintained in the output. Below is an example
of the output generated by Gemini for the prompt above:

Title: Power Plant Alarms Ingestion via System [XXXXXX]

1. User Story

As a Data Engineer for the [XXXXXX] solution, I want to configure
the automatic ingestion and layered processing (Bronze, Silver, and
Gold) of alarm data from System [XXXXXX], So that the data is
available and refined for power plant monitoring analysis.

2. BDD (Behavior-Driven Development)

Scenario: Successful daily alarm processing

Given that the [XXXXXX] connection to System [XXXXXX] is active;
And the alarm file was made available at 08:00 AM;

When the ingestion pipeline of the [XXXXXX] solution is triggered;
Then the raw data must be stored in the Bronze layer;

And processed into the Silver layer with appropriate cleansing and
type casting;

And consolidated in the Gold layer for final business consumption.

3. Acceptance Criteria

o Connectivity: The pipeline must establish a connection to
System [XXXXXX] via the [XXXXXX] method without au-
thentication failures.

Scheduling: The ingestion must be triggered automatically

every day after 08:00 AM (expected data arrival time).

o Traceability (Bronze): Data must be persisted in the Bronze
layer in its original format, maintaining load history.

o Data Quality (Silver): The pipeline must apply data cleansing
rules in the Silver layer (e.g., deduplication, null field handling,
and date standardization).

o Business Rules (Gold): The Gold layer must reflect the final
view of the alarms, ready to feed dashboards or analytical
models.

o Monitoring: There must be an execution log reporting the
status (success/error) of each pipeline stage.

o Error Handling: If the data does not arrive at 08:00 AM, the
system must generate a "data not found" alert for the opera-
tions team.

4 Internal Evaluation

As previously discussed, the use of LLMs serves as a supportive
tool for requirement specification and does not replace the critical
analysis of the requirements engineer. The process still demands
constant validation from both the engineer and the technical team.
The tool’s output is treated as a preliminary draft, a starting point
to be further developed, improved, and polished. During internal
evaluation, the engineer reviews the requirement for contextual
coherence and the feasibility of the AI’s suggestions. This process
is iterative; if the output does not meet expectations, additional
context is provided, and the prompt is re-executed. Once filtered
and refined, the requirement is formalized in the project manage-
ment tool (Atlassian Jira), and the previously anonymized data is
replaced with the actual project information. The final stage in-
volves technical validation with the team, where developers and
Quality Assurance (QA) professionals ensure the specification fully
aligns with the decisions made during previous alignment meetings.

This process has proven valuable for the requirements engineer,
the technical team, and, consequently, the project. The positive
impacts can be highlighted across three main fronts: Time, Commu-
nication, and Quality. Regarding Time, over a period of 14 sprints,
all 142 project requirements were specified using this LLM-assisted
workflow. Empirical observations by the team indicate a sharp
reduction in writing effort: while drafting a complex data require-
ment previously took more than a full workday, tasks of similar
complexity are now completed in just a few hours. In terms of
Communication, the clear and structured writing of the require-
ments aligns with the technical team’s practices, thus enhancing
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clarity and communication fluidity. Finally, there is a notable in-
crease in the Quality of the requirements. The combination of the
Al-generated draft with human validation has resulted in precise
task descriptions and acceptance criteria. This has made the devel-
opment cycle more accurate, ensuring that the final delivery meets
both technical standards and the partner’s actual business needs.

However, this LLM-assisted workflow also presented notable
limitations and challenges. A frequent issue observed during the
Al Generation stage was the artificial inflation of requirement com-
plexity. In several instances, Gemini generated complex or entirely
unnecessary acceptance criteria. Furthermore, the model occasion-
ally exhibited “hallucinations” by being overly proactive, fabricating
BDD scenarios and introducing domain specific information that
was not provided in the original context. Consequently, these devia-
tions required either manual pruning during the human validation
stage or a complete re-execution of the prompt.

To provide broader context, the project maintained a 100% sprint
acceptance rate over the 14 sprints, an average completion of 97%
of planned story points, and a maximum partner recommendation
score (10/10). While these overarching metrics cannot be attributed
exclusively to the LLM, the consistent use of Gemini to specify all
142 requirements indicates that this structured approach effectively
supports the project’s execution and overall success.

5 Conclusion

This industrial experience report presents the adoption and practical
impact of using LLMs, specifically Gemini, in the RE specification
process for a project focused on DS at the Atlantico Institute. Faced
with the challenge of specifying DS domains characterized predom-
inantly by non-functional requirements, such as backend data pro-
cessing in the power generation sector, the approach demonstrates
how business needs can be transformed into technical specifications
within this domain. The entire workflow built and established by
our team, from the initial elicitation and anonymization, through
Al-assisted generation, to the indispensable iterative cycle of hu-
man validation and subsequent formalization, is consolidated and
synthesized in Figure 2. This structured process has proven to opti-
mize communication, time, and the quality of deliverables, all while
ensuring strict compliance with data governance policies.

As future work, we intend to conduct internal research across
other projects within the energy sector, as well as in different do-
mains, maintaining a focus on DS initiatives, to map how the re-
quirement specification process is currently performed by those
teams. Based on this mapping, the goal is to establish a cross-project
standardization, creating comprehensive guidelines and a set of
best practices for these specifications.

Artifact Availability

Due to confidentiality agreements and data privacy policies regard-
ing the industrial partner’s critical infrastructure, the datasets and
full raw prompts used in this study are not publicly available.
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