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ABSTRACT

Test case design is an essential activity in software quality assurance.
However, when performed manually, it can be time-consuming,
error-prone, and require substantial effort, particularly in complex
applications. This experience report describes the development
and application of an artificial intelligence agent, built using the
ChatGPT platform, designed to automate the process of generating
test cases for a real-world system and reduce the time required.
The agent was configured to simulate the role of a QA analyst,
using functional requirements, interface prototypes, and prompt
engineering strategies to produce test scenarios with high coverage
and accuracy. Experiments were conducted on one of the modules of
a component assembly control system, comparing manually created
test cases with those generated by the agent. The results showed a
reduction of over 50% in specification time while maintaining the
quality and coverage of the scenarios. This paper details the agent’s
configuration, the results achieved, the challenges encountered, and
the lessons learned, contributing evidence for the practical use of
generative Al in the context of software quality assurance.
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1 Introduction

The design of a test case is a fundamental step in the quality
assurance process of software. However, this activity involves the
meticulous task of manually creating scenarios, which can be time-
consuming and prone to errors [1]. Testers must carefully define
each test scenario based on system requirements, elaborate detailed
steps, and ensure that all relevant aspects of the application are
covered. This process often requires a significant investment of
time and effort, particularly for complex or large-scale applications.

Given this context, there is growing interest in approaches that
automate or accelerate the test specification process. This work
explores the use of a generative Al-based agent, grounded in real
project documents, to generate test cases and reduce the time
required for this stage.

The development of the Al agent was carried out in four main
phases, as summarized in Figure 1. The first phase involved creating
and configuring a custom GPT within the ChatGPT platform,
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including setting parameters, uploading domain knowledge
files, and setting up behavioral rules. In the second phase, a
persistent instruction (prompt) was designed to guide the agent
in simulating the role of a quality assurance analyst, interpreting
functional requirements, UI prototypes, and sample spreadsheets to
generate test cases. Although this instruction is part of the agent’s
configuration, it is presented separately here to highlight its final
version, which resulted from successive iterations and refinements.
The third phase involved creating a master requirements document,
structured to optimize comprehension for the agent. Finally, the
fourth phase involved applying the agent to generate test cases for
the functionalities of a real-world system.

Technical configuration of the agent

v

Definition of the persistent prompt

v

Development of the master
requirements document

v

Practical application of the agent

Figure 1: Development phases of the AT agent

The agent was applied to a module of a component assembly
control system, which involved complex functionalities and the
need to import spreadsheets as data sources. Six functionalities
were evaluated, each with existing test cases previously specified
by a senior QA analyst, allowing for a direct comparison between
manually created scenarios and those generated automatically. The
results indicated a significant reduction in the overall specification
time while maintaining high coverage of functional requirements
and producing diverse and valid test cases. In addition, the agent
demonstrated the ability to interpret prototypes and infer missing
information from incomplete requirements.

This experience suggests that generative Al-based solutions
can play a significant role in automating test specification tasks,
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exhibiting strong performance even in complex real-world software
systems.

2 Related Work

Recent studies have explored the application of large language
models (LLMs) in automating the generation of test cases. An
exploratory and structured literature search was conducted on
Google Scholar using combinations of the keywords “Test Cases,”
“LLMs.” “Generative Al “ChatGPT,” and “Custom GPT” within
the period from 2023 to 2025. The analysis was limited to work
involving LLM-based test case generation, in alignment with the
objective of this experience report, which required a focused and
exploratory literature search.

Maia [8] conducted an exploratory study evaluating the
potential of generative tools such as ChatGPT and Bard for
creating acceptance tests. Their findings reinforce the feasibility
of using LLMs to assist test specification activities, demonstrating
productivity gains. However, the study focused mainly on
comparing Al-generated and human, written tests, without
integrating the generative models into a real development process
or assessing their operational applicability, an aspect addressed
in our work through empirical validation in an actual software
project.

Bhatia et al. [3] proposed a systematic approach for designing
test cases from natural-language requirements. Their main goal
was to ensure traceability and comprehensive coverage, even
when dealing with unstructured textual artifacts, incorporating
developer feedback to evaluate quality. In contrast, our work focuses
on leveraging structured functional requirements and interface
prototypes, enabling a custom GPT to directly produce complete,
context-aware test scenarios.

Hasan et al. [7] explored the automatic generation of high-level
test cases from use cases, using datasets with over one thousand
pairs drawn from real, academic, and synthetic projects. Their
results showed that LLMs such as GPT-40 and Gemini can produce
readable and usable tests. However, these models exhibited a
lack of completeness, particularly in covering alternative flows,
and the datasets used were heterogeneous and domain-agnostic.
Our study differs by focusing on a single, real-world system
domain and by assessing generated tests against manually created
baselines, thereby providing stronger evidence of both efficiency
and adequacy.

Other studies have investigated LLM-based test generation with
different scopes. For example, Yi et al. [23] focused on unit test
generation, while Talasbek [22] explored the automated creation of
functional scripts. Although promising, these approaches remain
mostly experimental, with limited real-world validation. Similarly,
Bagar and Khanda [1] discussed conceptual strategies for reducing
manual effort in test design using models such as ChatGPT,
and Pandhare [19] presented a conceptual scoping review of Al
applications across different stages of software quality assurance.
These studies collectively highlight the growing potential of LLMs
for testing automation but still lack concrete evidence from applied
scenarios.

While recent studies have explored LLM-based test generation,
the application of custom GPTs tailored to functional requirements
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and interface prototypes remains underexplored, particularly
regarding empirical validation in real systems. This study seeks to
provide practical insights into this emerging direction.

3 Technical Foundations of the AI Agent

The primary objectives of the software testing process are to verify
whether a system meets its specified requirements and to identify
incorrect, undesirable, or inconsistent behaviors [21]. To achieve
this, it is necessary to execute a set of test cases that both reflect
the expected use of the application and expose potential failures.

In this context, the Al agent developed in this work was designed
to automate test case generation. The following section outlines
the technical foundations that enable this capability.

3.1 Generative Al and Large Language Models
(LLMs)

Generative Artificial Intelligence (GenAl) is an innovative subset
of AI capable of producing new content based on patterns and
structures learned from existing data [9].

Among the most prominent architectures within GenAlI are
Large Language Models (LLMs). These models leverage deep neural
networks to process and generate natural language with a high
degree of similarity to human linguistic behavior [24]. Powered
by billions or even trillions of parameters, LLMs are capable
of performing a wide range of tasks, including automatic text
generation, document summarization, and even logical reasoning
in domain-specific contexts.

3.2 LLM-based Agents

An artificial intelligence agent is typically defined as an autonomous
entity capable of making decisions and executing actions within a
predefined set of possibilities. In the context of LLMs, agents refer to
systems built on top of specialized instances of such models, often
optimized or fine-tuned, to autonomously perform specific tasks.
These agents are designed to interact with users and environments,
making decisions based on received inputs and the goals of the
interaction [10].

The adoption of an LLM-based agent made this work feasible.
This agent was configured to act as a software QA analyst, capable
of analyzing both textual and image inputs and automatically
generating test cases.

3.3 Tokens and Text Processing

Before being processed by LLMs, textual inputs are segmented into
tokens, which are units that may represent whole words, sub-words,
or even include whitespace and punctuation [15].

Understanding the concept of tokens is essential, as LLMs operate
under maximum token limits per interaction, which includes both
the prompt and the response [18]. If this limit is exceeded, part
of the context may be lost, directly impacting the quality of the
generated output.

This limitation was particularly relevant during the agent’s
configuration, as the generation of test scenarios relies on
preserving the full context provided within the prompts.
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3.4 Prompt Engineering

LLMs generate responses based on the prompts they receive. A
prompt is an instruction that may contain commands, questions,
examples, context, or constraints [6].

Prompt engineering refers to the process of designing precise
and effective instructions that guide a language model to produce
outputs that reliably align with specific requirements. Due to the
inherently non-deterministic nature of generative models, crafting
prompts demands both technical rigor and empirical insight. A
variety of well-established techniques and best practices can be
applied to enhance the consistency, relevance, and overall quality
of the model’s outputs [16].

Providing clear instructions and specific contextual information
within the prompt further helps reduce the likelihood of
hallucinations, actually incorrect but plausible pieces of information
produced with confidence [2]. These hallucinations are a common
issue when using LLMs, and underscore the importance of well-
designed prompt engineering to minimize factual and logical
inconsistencies in model outputs.

In this work, prompt engineering was essential to align
the agent’s behavior with the objectives of automated test
case generation, while reducing common LLM issues such as
hallucinations, bias, and inconsistency.

3.5 ChatGPT and Custom GPTs

ChatGPT is an Al model developed by OpenAl, designed to generate
natural language responses in a conversational manner [12]. The
Plus version of the platform enables the creation of personalized
agents, known as Custom GPTs, which are instances configured
with persistent instructions, files, and behavior parameters [11].

These Custom GPTs allow for the consistent reuse of instructions
without the need to manually reintroduce prompts. This
functionality was crucial in enabling the creation and setup
of the agent used in this work.

3.6 ChatGPT Vision and Image Interpretation

ChatGPT Vision is a platform feature that enables the model to
process and interpret visual inputs [5]. This capability extends the
use of ChatGPT to more complex scenarios, where image analysis
complements text processing. The model can extract relevant
information from images, even when imperfect, and integrate it
into reasoning chains to respond with greater accuracy [14].

In the developed agent, this feature was used to interpret
interface prototypes, allowing the model to visually understand the
application’s structure and expected behavior, thereby enriching
the generated test scenarios.

4 Experience Description

The experiment was organized into four primary phases: (i)
the creation and configuration of a custom GPT model using
the ChatGPT Plus platform; (ii) the definition and iterative
refinement of a persistent prompt; (iii) the development of a master
requirements document; and (iv) the deployment of the agent in
a real-world software encompassing diverse functionalities. The
subsections below provide a detailed account of each phase.
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Prior to discussing these phases, it is essential to contextualize
the linguistic environment of the experiment, as the language
used in interactions with large language models (LLMs) can
significantly influence their performance. All interactions with
the generative agent, including prompts, system instructions,
and expected outputs, were conducted in Brazilian Portuguese.
This choice aligns with the domain-specific requirements and
the intended user base of the target system. Although this paper
is presented in English, all experimental prompts, outputs, and
evaluations were conducted in Portuguese.

4.1 Design and Configuration of the Agent

The agent was created using the custom GPT functionality available
on the ChatGPT Plus platform. The initial setup is performed
through the GPT creation interface, which allows the specification
of parameters to tailor the agent’s behavior, response style, and
embedded domain knowledge.

In the experiment, the configuration included the following
elements:

e Name: Identifier displayed in the agent list.

Example: "QA Bot - CMC System".
e Description: Introduction shown to the user upon initiating
interaction with the agent.
Instructions (Persistent Prompt): Field used to define the
agent’s expected behavior. The complete persistent prompt
is described in Section 4.2, which details the final formulation
used in this experiment.
Knowledge Files: The platform allows attaching files that
the agent can use as a knowledge base.
In this experiment, an Excel file
Test_Scenarios_Template was included, containing predefined
test scenarios that represent a minimal set of validations
the agent must consider when generating test cases. These
scenarios are structured to cover the four basic CRUD
operations (Create, Read, Update, and Delete), serving as a
reference to ensure baseline functional coverage.
An example of the structured data available in this file is
shown in Table 1.

named

Table 1: Example of Scenarios Used as a Knowledge Base

Operation: Listing

ID Scenario

CT001 | Validate the screen layout according to the system
standard.

CT002 | Validate the listing title.

CT003 | Validate that a message is displayed when the listing has
no records.

CT004 | Validate the access profiles for the listing.

4.2 Definition of the Persistent Prompt

Prompt engineering best practices emphasize the importance of
experimenting with different instruction variations, evaluating their
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effectiveness, and iteratively refining the approach based on model
performance. This practice can lead to significant improvements
in the quality of generated responses [6], as demonstrated in the
following subsections, which describe its application in the context
of this experiment.

4.2.1 Refinement Process. The refinement of the persistent prompt
was conducted iteratively through the following steps:

Baseline creation. An initial version of the prompt was
generated using ChatGPT itself, serving as the foundation for
subsequent refinements through prompt engineering techniques.

Calibration reference. Functionalities that had already been
implemented and approved in the system were used as calibration
references. This allowed the authors to evaluate the agent’s
responses under controlled conditions and assess their consistency.

Human-guided adjustment. A QA analyst defined a minimum
set of acceptable test scenarios, and the prompt was refined through
multiple iterations until this standard was consistently met.

Prompt enhancement. General prompt engineering
techniques were applied to refine the agent’s instructions.
The process involved optimizing instruction hierarchy, enforcing
structured output formatting, and applying rule-based constraints.

Following the refinement process outlined above, the final
version of the persistent prompt used in the agent’s configuration
is presented in Table 2.

4.2.2  Prompt Engineering Best Practices. The configuration of
the persistent prompt was designed to guide the agent to act as
a QA analyst, receiving requirements and prototypes as input
and producing test cases as one of its outputs. The agent’s role
also included answering domain-specific questions, suggesting
improvements to requirement descriptions, and conducting impact
analyses in the context of changes.

The instructions follow the best practices of prompt engineering
recommended for OpenAl language models [17] and were
structured according to the following components:

Operational context. Establishes the system context in which
the agent operates and the general scope of its application domain.

Example: "The CMC System is a solution developed to automate ..."

Expected behavior. Specifies the agent’s role, responsibilities,
and behavioral patterns expected when responding to user input.

Example: "Your role is to support the user in the following
activities:"

Communication style. Defines the technical tone and clarity
of the language.

Example: "When responding: Use technical language ..."

Output formatting. Defines the structure and presentation
style that the agent must follow when generating responses.

Example: "When requested, generate a test matrix or test cases
with the standard columns: ID, Scenario, and Expected Result."

Preloaded knowledge. Specific rules and documents to be
considered.

Example: "Always use the *Test_Scenarios_Template.xlsx’ model
as a starting point to write the Scenario column.”

Beyond adhering to established prompt engineering best
practices, this configuration integrates some complementary
techniques, as described below, to guide the model’s behavior and
enhance the consistency of its outputs.
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Table 2: Persistent Prompt Instructions

You are a Test Analyst specialized in the CMC System, focused on
understanding, analyzing, specifying, and validating the functionalities of
this system.

The CMC System is a solution developed to automate and integrate the
management of costs, procurement, and equipment assembly control. The
application provides features for material forecasting based on project
demands, ensuring greater efficiency and traceability throughout the assembly
process.

Information about system functionalities will be made available through the
Master Requirements Document or provided directly during interaction.

# Your role is to support the user in the following activities:
- Analyze received business requirements.
— Analyze the impact of system changes.
- Review requirements and validate whether they are clear and complete.
— Answer questions about the current system behavior based on known
business rules.
— Generate test cases and validation scenarios.

# When responding:

- Use technical language that is clear and objective.

— Always consider the context of the described system.

— If the user does not provide enough details, ask refinement questions.

— In impact analyses, always specify which modules and functionalities
will be affected.

— When requested, generate a test matrix or test cases with the standard
columns: ID, Scenario, and Expected Result as shown in the example, but allow
other columns when requested.

ID | Scenario | Expected Result

CTQ02 | Validate column Name | Should display the correct
title and content.

- Always generate test cases that include Normal and Edge case scenarios,
Positive and Negative cases, and Valid and Invalid conditions.

# Knowledge Base:

— Always use the "Test_Scenarios_Template.xlsx" model as a starting point
to write the Scenario column and combine it with the requirements, while
suggesting additional scenarios when appropriate.

Example 1 (Registration):

Input: Requirement for a registration screen.

Output:

CTO01 | Validate field Code: title and input behavior.
CTQ02 | Validate field Date: title and input behavior.

Example 2 (Listing):

Input: Requirement for a listing screen.

Output:

CTQ03 | Validate column ID: title and content.
CTO04 | Validate column Name: title and content.

# Important:
— If the user provides documents, images, or requirements, use this
information as a primary reference before suggesting any solution.

Role Prompting. This technique consists of defining a specific
persona or role that the model must adopt during task execution,
directly influencing the tone, vocabulary, and type of reasoning
employed [20]. It was applied in the following example:
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"You are a Test Analyst specialized in the CMC System,
focused on understanding, analyzing, specifying, and
validating the functionalities of this system."

Few-shot Prompting. This approach consists of providing
input—output examples so that the model can learn a desired pattern
and generalize it to new contexts [4]. This technique is clearly
established in the following excerpt:

"Example 1 (Registration)
Input: Requirement for a registration screen.
Output: CT001 | Validate field Code...

Example 2 (Listing)
Input: Requirement for a listing screen.
Output: CT001 | Validate column ID..."

4.3 Development of the Master Requirements
Document

To enable the agent to generate test cases based on system rules,
it is necessary to provide the requirements directly within the
conversation. However, this presents a limitation, as ChatGPT
currently does not possess long-term memory and operates under
token constraints, as discussed in Section 3.3. As the interaction
grows longer, the risk increases that the model may “forget”
information provided at the beginning of the dialogue.

It is worth noting that OpenAI has begun gradually rolling out a
persistent memory feature for ChatGPT Plus and Pro users, enabling
the model to reference information from prior conversations.
However, this feature is not yet broadly available. Therefore, at
the time this experiment was conducted, ChatGPT still operated
without long-term memory support [13], relying solely on the
context provided within each individual session.

To address this limitation, a consolidated document containing
all system requirements was maintained. Whenever the most up-
to-date version was needed, the file could simply be re-uploaded
into the conversation, ensuring that the agent had access to the full
context during the session.

In this experiment, the document was referred to as the Master
Requirements Document, a . docx file format that is easily processed
by the model. The file was organized according to the structure
presented in Table 3.

4.4 Application of the Agent in the System

Interacting with the custom agent is straightforward and intuitive.
To initiate the interaction, the user must open a new conversation
with the configured GPT, enter the desired command (prompt),
and then attach the Master Requirements Document and, when
applicable, the interface prototype image corresponding to the
targeted functionality. These artifacts represent the same sources of
information that a human test analyst would use when specifying
test cases, namely, system requirements and screen prototypes.
This alignment ensures that the agent operates under equivalent
informational conditions.

An example of a prompt used during the experiment for
automated test case generation is shown below:

“Using the attached requirements document as reference
and the attached image as the screen prototype,

SBQS25, Nov 04-07, 2025, Sao José dos Campos, SP

Table 3: Structure of the Master Requirements Document

1. Introduction: System name, context, brief functional description, and
main modules.

2. Glossary: Technical terms and acronyms to help the agent better
understand the system terminology. Example:

« BOM: Bill of Materials

« FT BOM: Full Top Bill of Materials

3. Business Rules: Functionalities and requirements organized with
standardized codes. Example:

« FNO001 - Create a General FTB Control Screen.

« RF_001: Display the list of BOMs with the following columns: Client,
FT BOM, Total Produced, JIGA Quantity, Part Numbers, and Status.

« RF_002: The list should be ordered first by Client, and then by FT
BOM.

4. Technical Constraints: List of system limitations and technical
requirements, such as the maximum file upload size.

5. Change History: Record of major modifications made to the system
over time.

generate comprehensive test cases for functionality
FN002, ensuring coverage of all possible scenarios.”

The agent then processed the provided materials and returned a
structured list of test cases. In response to the prompt above, the
agent generated outputs such as the examples presented in Table 4.

Table 4: Excerpt of test cases generated (agent response)

ID Scenario Expected Result
CT009 Enter azerovalueinthe Should display an error
"JIGA Quantity” field. = message indicating that the
value must be greater than
Zero.

CT010 Enter a Part Number Should display an error

already linked to and prevent duplication of
another FTB. Part Numbers across FIBs.

CT011 Fillin all fields correctly Data should be
and save. successfully saved.

5 Experimental Results

The agent was applied to the Generate FTB General Report (Full
Top Bill of Materials) module of the CMC System, selected for its
set of six complex functionalities that involve multiple business
rules and data dependencies. This module provided a representative
environment to assess the agent’s effectiveness in generating
comprehensive and accurate test cases.

For comparative evaluation purposes, the test cases for these
functionalities had previously been manually specified by a senior
QA analyst, which allowed a direct comparative analysis between
the manually defined test cases and those generated by the Al agent.

Table 5 presents the list of evaluated functionalities along with
the corresponding number of documented requirements for each.
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Table 5: Number of Requirements per Functionality

. . No. of

Functionality .
Requirements

FNO001 - Create screen to control General FTB 16
FN002 - Create screen to link Part Number to 9
FTB
FN003 - Create option to deactivate FTB 5
FNO004 - Create screen to register JIGA 15
assemblies
FNO005 - Create screen to register RMA 10
assemblies
FNO006 — Create screen to reuse materials in 9
JIGA assemblies
Total 64

5.1 Effort Comparison: QA Analyst (QA) vs. Al
Agent (AI)

To evaluate the impact of the Al agent on test specification
productivity, a comparison was conducted between the effort
required to manually generate test scenarios by a QA analyst and
the effort involved in using the Al agent.

Table 6 presents the number of valid scenarios produced and the
total time spent in both cases, broken down by functionality.

Table 6: Effort Comparison Between QA Analyst (QA) and Al
Agent (AI)

A Al
. . QA Al Q .
Functionality . . Time | Time
Scenarios | Scenarios . .
(min) | (min)
FNoO01 38 34 120 50
FN002 29 27 60 30
FNo003 18 16 30 20
FN004 35 31 90 40
FNO005 25 22 60 30
FNO006 26 25 60 20
Total 171 155 420 190

A significant reduction in total specification time was observed:
the QA analyst required 420 minutes (7 hours) to complete the test
scenarios, while the Al agent, including the time spent on manual
validation of the generated outputs, required only 190 minutes (3
hours and 10 minutes). This represents a reduction of approximately
54.76% in effort, as shown in Equation 1.

(420 — 190)
420

In the case of the QA analyst, the reported time encompassed
requirements analysis, interpretation of screen prototypes, and
manual authoring of test cases.

For the Al agent, although the generation of test cases took less
than one minute, the total time considered also included activities
such as requirements analysis and prototype interpretation, as well
as the manual validation of the generated scenarios. This human

Reduction (%) = X 100 = 54.76 (1)
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oversight step was crucial to ensure the quality and consistency of
the test cases with the expected system functionalities.

5.2 Test Coverage Comparison: QA Analyst (QA)
vs. Al Agent (Al)

To evaluate test coverage, the analysis considered 64 requirements
distributed among the six previously described functionalities. The
QA analyst created scenarios that covered both main and alternative
flows, then identified the essential ones required to ensure adequate
coverage for each functionality. All scenarios generated by the Al
agent were subsequently compared to these essential scenarios to
verify their correspondence.

The Al agent generated all these minimum scenarios for each
functional requirement, thereby guaranteeing full coverage of
the formal requirements described in the Master Requirements
Document.

In addition to generating positive case scenarios, the agent
was also capable of producing negative and invalid test cases by
leveraging the guidance defined in the persistent prompt. This
behavior contributed to broader and more rigorous test coverage.
Such autonomous capability highlights the agent’s potential to
enhance the completeness and reliability of test specifications.

One of the distinctive aspects observed was the Al agent’s ability
to analyze screen prototypes. This capability enabled the generation
of more complete test cases, including layout validations and form
validations that were not explicitly documented. However, although
the agent performed form validations based on the visual structure
of the screen, it was not able to detect dynamic behaviors, such as
conditional fields or dynamic menus.

The agent also demonstrated the ability to apply test design
techniques such as Decision Table Testing, as long as this type of
approach was explicitly indicated in the input prompt.

Table 7 presents a comparative summary of the QA and Al
approaches based on objective coverage criteria.

Table 7: Test Coverage Comparison: QA Analyst (QA) vs. Al
Agent (AI)

Evaluated Criterion QA Al
Coverage of all requirements Yes Yes
Coverage of positive and negative case Yes Yes
scenarios

Coverage of valid and invalid case scenarios Yes Yes
Coverage of form validation scenarios Yes | Partial®
Application of testing design techniques Yes | Partial?

! The agent infers based on the prototype but may omit dynamic validations.
2 The technique is applied only when clearly requested.

During this experiment, metrics related to the identification of
bugs or defect detection were not collected, although such metrics
could have contributed to improving test scenario coverage and
validation completeness. This decision was due to the fact that the
software increments associated with the evaluated functionalities
had not yet been developed, which is consistent with the agile
methodology adopted in the project, where testing and validation
activities are synchronized with each development iteration.
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Input Granularity and Its Impact on Coverage. 1t is worth noting
that, to assess the time efficiency in test generation, the agent
was instructed to produce all test scenarios for functionality in a
single interaction. However, experimental observations revealed
that breaking down the input by individual requirement or by small
groups of requirements resulted in even more comprehensive and
precise coverage, with more targeted and detailed test cases. This
behavior suggests that input granularity has a positive impact on
the quality and completeness of the generated tests.

6 Observed Benefits

In addition to significantly reducing the time required for test
case specification, the application of the customized AI agent
yielded several other meaningful benefits across the software
quality assurance process. These include support impact analysis,
apply formal test design techniques through prompt engineering,
interpret and validate visual information from screen prototypes,
and the ability to clarify ambiguities in system requirements. The

following subsections describe each of these contributions in detail.

6.1 Support for Requirement Impact Analysis
The agent consistently demonstrated the ability to identify potential

impacts resulting from newly introduced or modified requirements.

Upon receiving the changes, it analyzed the context and returned
relevant information regarding affected functionalities, related
dependencies, and consequences for system behavior.

Figure 2 demonstrates how the agent traced the impact of a
terminology change across system modules, including specific UI
elements and labels requiring updates for consistency.

Prompt:

It is necessary to validate the renaming of the field from
‘Part Number’ to ‘Material Part Number’. In which areas or
components will this change have an impact?

Agent Response:

Functionality / Screen

Impact

Main FTB listing (column
"Part Number")

Change the column title.

Search filter field (current
field: "Part Number")

Update the label of the
search field.

Screen for linking Part
Numbers to FTB

Update field title, form label,
and validation messages.

System validations and
messages

Update  all  messages
displayed to the user (e.g.,
“Material Part Number
added successfully”).

Figure 2: Illustration of the agent’s ability to trace the impact

of a terminology change across modules and interface.
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6.2 Application of Test Design Techniques
through Prompts

The agent demonstrated the ability to apply specific test design
techniques, such as Decision Table Testing, whenever this technique
was explicitly invoked through the input prompt.

When provided with appropriate instructions, the agent
generated tables containing combinations of input values and their
corresponding expected outcomes, demonstrating a structured
interpretation of the context and the correct application of formal
test design principles.

As shown in Figure 3, the agent successfully generated a decision
table consistent with the requirements specification, indicating the
expected behavior of the system based on input combinations.

Prompt:

Create a decision table for functionality FN003, requirement
RF_005, to determine whether the FIB should be deactivated for
reuse, according to the attached screen prototype.

Agent Response:

Decision Table — FN003 / RF_005 - Deactivate FTB

User Enable Expected
clicks material result
“Yes, reuse?

deactivate”

R1 Yes No FTB is deactivated
and not marked for
reuse.

R2  Yes Yes FTB is deactivated
and enabled for
reuse.

R3 No No Action canceled;
FTB remains
active.

R4 No Yes Action canceled;
FTB remains
active.

Figure 3: Demonstration of the agent’s use of formal test
design techniques, producing a decision table aligned with
the specified functional behavior.

6.3 Text Validation in Screen Prototypes

The ability of ChatGPT to interpret information contained in
images enabled the agent to analyze screen prototypes shared
during the interaction. This capability allowed the identification of
textual inconsistencies in the interface, such as spelling errors and
deviations from specified requirements.
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Furthermore, the agent suggested context-aware corrections,
contributing to the early validation of the graphical interface during
the initial stages of the specification process.

As shown in Figure 4, the agent not only generated a test case for
the prototype but also detected a typographical error in the column

name, suggesting a correction based on contextual understanding.

Prompt:

Using the attached image as the screen prototype, generate
comprehensive test cases for functionality FN0O3.

Agent Response:

CT019 Validate expanded column Priorityy: Title and
content.

Attention: There is a typo in the prototype (it is written as
Priorityy, but it should be Priority - suggest correction).

Figure 4: Example of a prompt and AI agent response
highlighting layout validation.

6.4 Ability to Clarify System Requirements

The agent effectively acted as a business analyst by responding
to questions related to the functional requirements described in
the Master Requirements Document. This capability enables users
to clarify doubts about rules, functionalities, or specific system
terms, thereby enhancing user understanding and supporting more
accurate validation of specifications.

Figure 5 shows that the agent provided a clear breakdown of the
filtering capabilities available in the BOM listing screen, based on
the referenced functionality in the requirements.

Prompt:

Which fields are available for filtering in the BOM listing?

Agent Response:

In the BOMs listing within the General FTB module, as
described in functionality FN001, the available filter fields are:
Available Filters in the BOM Listing:

(1) FT BOM Filter:

o Allows the selection of one or multiple FTBs.
(2) Client Filter:

e Allows the selection of only one client at a time.

Figure 5: Example of a prompt and AI agent response
showcasing the agent’s role in clarifying business rules.
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7 Challenges and Limitations Identified

During the development and application of the Al agent, several
relevant limitations were identified, both from technical and
methodological perspectives. These limitations are detailed in the
following paragraphs.

Requirements format and structure. The formatting
and structural variability of functional requirement documents
posed a significant challenge. Because the agent’s effectiveness
depends heavily on the clarity and organization of the input,
it became necessary to consolidate a well-structured Master
Requirements Document, characterized by precise language,
hierarchical organization, and uniform formatting. This manual
effort added complexity to the process and may represent a barrier
in environments with limited documentation practices or tight
delivery schedules.

Limitations in image interpretation. While ChatGPT Vision
proved effective in extracting textual information from screen
prototypes, it exhibits limitations in understanding interactive
elements, such as drop-down menus or dynamic behaviors. In
such cases, it is necessary to complement the images with detailed
descriptions in the accompanying documentation.

Inference limitations for implicit business logic. Despite
careful prompt engineering to simulate the behavior of an
experienced QA analyst, the agent still depends on explicitly stated
information and may fail to infer implicit rules, exceptions, or
undocumented nuances.

Access limitations to ChatGPT customization. The creation
of customized agents (Custom GPTs) is a feature available only
to users of paid versions of ChatGPT, such as ChatGPT Plus.
This requirement may pose an access barrier for institutions or
professionals without a subscription, limiting the adoption of the
proposed approach in resource-constrained contexts.

Domain-specific limitations. The results obtained are tied to
a specific context—a component assembly control system—with
carefully prepared documentation and evaluation conducted by
authors with deep domain knowledge. Therefore, caution is advised
when generalizing these results to other areas, domains, or teams
with different levels of technical maturity.

Language-specific behavior. All interactions with the agent,
including prompts, input documents, and validations, were
conducted in Brazilian Portuguese. This choice was aligned with
the real-world context of the system under evaluation but also
introduces a relevant limitation: as large language models behave
differently across languages, the findings presented here may not
be directly generalizable to other linguistic contexts. Furthermore,
semantic nuances inherent to Portuguese may have influenced
the interpretation of instructions and the generation of test cases.
These factors should be carefully considered when replicating or
adapting this approach to different domains or languages.

Data sensitivity constraints. Throughout the experiment,
particular attention was given to the safeguarding of confidential
information related to the system and its users. All documents used
in the agent’s configuration and interactions were preprocessed
and anonymized to avoid exposing sensitive data. This necessity
introduced an extra step in the workflow and highlighted ethical
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and security considerations that must be addressed when applying
Al agents in real-world software engineering contexts.

8 Lessons Learned

The practical application of an AI agent based on LLMs for
automated test case generation yielded several valuable insights
that can inform future implementations of similar solutions. These
lessons emerged from both the technical challenges faced and the
methodological decisions taken throughout the experiment. The
key takeaways are detailed below.

Significance of Well-Structured Input Data. A key insight from
the experiment was that the quality of the agent’s responses heavily
depends on the organization, clarity, and completeness of the
provided documents. The creation of the Master Requirements
Document, with standardized language, hierarchical structure, and
consistent formatting, proved essential for the model’s effective
performance.

Accuracy Depends on Explicit Instructions. The experiment
demonstrated that the model performs more effectively when given
clear and specific instructions. Generic commands tend to produce
generic responses; in contrast, detailed prompts, such as those
specifying a particular technique (e.g., Decision Table Testing)
or validation criteria, resulted in more appropriate and targeted
outputs.

Technical Constraints Require Workaround Strategies. Platform
limitations, such as token limits and the lack of persistent memory,
required the adoption of strategies like re-uploading the Master
Requirements Document at the beginning of each new session to
ensure the agent had full access to the necessary information for
generating test cases. Although these constraints did not hinder the
agent’s use, they require user awareness and thoughtful planning
during interactions.

Curation and Validation Remain Indispensable. Although the
agent significantly reduced the effort involved in authoring test
cases, the process still required active involvement from the QA
analyst to review the generated scenarios and ensure alignment
with the business rules. This highlights that human oversight
remains essential to guarantee the quality and reliability of the
outcomes.

Iterative collaboration enhances results. Throughout the
experiment, it was observed that interactions conducted in multiple
stages, including progressive prompt adjustments, clarification
of doubts, and the division of requirements into smaller blocks,
resulted in more complete and accurate test scenarios. This
behavior suggests that iterative collaboration between the user and
the agent supports deeper context exploration and increases the
effectiveness of the responses generated.

9 Conclusion and Future Work

This experience report demonstrated the feasibility of using
a customized AI agent, built on ChatGPT, to automate the
specification of test cases in a real-world system. The results showed
significant gains in terms of time efficiency, coverage, and support
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for validation activities, with the potential to transform traditional
practices in software quality assurance processes.

Despite the benefits identified, the study also revealed challenges
that pave the way for future investigations. In this regard, key
opportunities for further exploration are discussed in the following
paragraphs.

Enhancing Visual Interpretation Capabilities with
ChatGPT Vision. Although the agent was able to interpret
interface prototypes, the use of ChatGPT Vision capabilities
still presents opportunities for improvement. Future work may
explore ways to integrate visual and textual requirement elements
to increase the completeness and accuracy of the generated
tests, especially in cases involving dynamic forms or conditional
validations.

Automating the Generation of Functional Test Scripts.
Based on the scenarios generated by the agent, a natural extension
would be the automatic creation of test scripts for tools such as
Cypress, Playwright, or Selenium. This approach would enable a
more precise evaluation of the level of detail in the generated test
cases and their practical applicability within automated testing
pipelines.

Reducing Dependence on Human Validation. Despite the
productivity gains, manual validation of the generated test cases
is still necessary to ensure quality and compliance with the
requirements. Future work may explore strategies to reduce this
dependency, such as implementing self-assessment mechanisms
within the agent, assigning confidence levels to the generated
scenarios, and enabling continuous learning from corrections
made by analysts. These improvements would enhance the agent’s
autonomy, reduce the cognitive load on users, and accelerate the
validation process.

Evaluation Across Diverse Application Domains. The
present evaluation was conducted within a system specific to the
component assembly domain. As future work, it is recommended
to replicate the approach in other domains (such as e-commerce,
finance, or education), investigating the adaptability of the agent’s
configuration and the effectiveness of test generation in different
contexts.

These directions offer significant opportunities to advance the
use of LLM-based agents in software testing processes, fostering the
ongoing evolution of validation, verification, and quality assurance
strategies from an Al-oriented perspective.
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