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Abstract

Agentic Al has emerged as a promising strategy for moderniz-
ing legacy software systems; however, systematic approaches for
identifying Agentic Al implementation opportunities from existing
requirements documentation remain largely unexplored. This paper
presents a small-scale industrial study that investigates whether the
i* framework can be used as an intermediate Prompt Engineering
artifact to improve the identification of Agentic Al opportunities
in legacy enterprise systems. The study analyzes the requirements
specification of an ERP-based maritime logistics solution support-
ing fiscal document processing, commercial operations, data mi-
gration, system integration, and regulatory compliance activities.
Two prompt-based approaches were compared: (i) direct analysis
of requirements documentation and (ii) a two-step process using
Strategic Dependency and Strategic Rationale models derived from
i*. Results indicate that the use of i* did not increase the number or
coverage of identified opportunities. However, it produced a more
specialized and organizationally aligned multi-agent architecture,
improving the connection between proposed agents, organizational
objectives, business dependencies, and quality concerns. The find-
ings suggest that i* can serve as an effective intermediary artifact
for Prompt Engineering, enabling richer architectural reasoning
and providing stronger organizational grounding for Agentic Al
solutions in software modernization initiatives.

Keywords

Requirements Engineering, Agentic Al

1 Introduction

Agentic Als constitute a qualitative leap in the development of arti-
ficial intelligence, defined by their capability to set complex goals in
a changing and uncontrolled situation and to pursue them through
autonomously managing their resources [2]. However, a signifi-
cant technical limitation lies in integrating Agentic Al with legacy
systems that were not originally designed to support it, making
implementation in many industries both complex and expensive
[17]. Even with its associated difficulties, there is evidence of an
industry movement in this direction. For example, Sarferaz [19]
proposes a systematic approach for developing Agentic Al business
applications within ERP environments, where Al agents combine
prompt-based reasoning with the execution of business capabilities
exposed as tools over the enterprise platform.

This process, of evolving a legacy system or elements of the
system, when conventionally evolutionary practices, such as main-
tenance and evolution, can no longer achieve the desired system
properties, is commonly referred to in the literature as software
modernization [20]. In a recent review of the literature on this issue
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[5], the authors identify a broad range of modernization strategies,
from cloudification and architecture redesign to database modern-
ization and digital transformation. However, they do not identify
any modernization strategies specifically related to the infusion of
Agentic Al in legacy applications. Moreover, none of the identified
strategies uses existing requirements documentation as a starting
point for the modernization process. The authors highlight scenar-
ios involving legacy systems that lack architectural documentation
and argue that tools capable of recovering software architectures
through direct code inspection would be highly beneficial, as dis-
cussed in [23]. But it is important to mention that this is not always
the scenario.

In[15], an exploratory study on documentation practices and
knowledge sharing in large-scale ES projects, it is acknowledged
that the common reasons for documentation creation and mainte-
nance are legal and contractual mandates across different industries.
The pharmaceutical, finance, and health sectors, for example, have
high compliance obligations. In these sectors there is a discipline
to maintain processes, practices and documentation around it.

Once there is quality requirements documentation available, due
to the pervasiveness of Al tools, a natural option is the use of Gen
Al to explore and automate the proposition of possible implemen-
tation approaches. In [12], a review of Generative Al for software
architecture, the authors identify a significant adoption of GenAl
for architectural decision support and architectural reconstruction.
Requirement-to-code and Architecture-to-code are the Software
Architecture Life Cycle (SALC) phases where LLMs are mostly ap-
plied, and have been applied mostly to the initial stages of SALC.
Among the most frequent challenges are model precision, halluci-
nations, ethical aspects, privacy issues, lack of architecture-specific
datasets, and the absence of sound evaluation frameworks.

The main contribution of this work is the investigation of the
i* framework as an intermediate Prompt Engineering artifact for
the identification of Agentic Al opportunities in legacy systems.
Through a comparative industrial study involving two prompt-
based approaches, we evaluate whether intentional and organiza-
tional knowledge captured by i* models can improve the resulting
Agentic Al architecture. The study contributes empirical evidence
regarding the effects of i* on traceability, architectural quality, and
agent identification, while also providing an initial requirements-
driven methodology for supporting Agentic Al-based software mod-
ernization initiatives.

In this study, an Agentic Al implementation opportunity is de-
fined as a capability, decision point, or business activity described
in the requirements specification that could be delegated to an au-
tonomous or semi-autonomous Al agent. Rather than proposing
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complete modernization solutions, the goal is to identify architec-
tural candidates for Agentic Al adoption directly from the require-
ments documentation. This aligns with the early phases of the
Software Architecture Life Cycle (SALC), where requirements and
architectural knowledge are analyzed to support system evolution
and architecture-related decision making.

2 Background

The choice for the i* modeling framework [32] was mainly due to a
perceived necessity of a shift-left in the analysis of the requirements
documentation. Like in [30], the understanding of the organiza-
tional context and rationales (the “Whys”) that lead up to systems
requirements. We believe this approach would improve the chances
of a more accurate identification of Agentic Al opportunities in ex-
isting requirements documentation. It is important to note that the
use of GORE(Goal Oriented Requirements) is not a novelty.Ahmad
etal. [3] analyzed a total of 12 studies that used modeling languages
or requirements notation to present requirements. The most pop-
ular modeling notations and languages among the studies were
UML and GORE. According to the authors, some favored GORE
as it had better support for NFR’s and business rules. In [7], the
authors demonstrate through an empirical study that GORE, par-
ticularly through the KAOS approach, is a promising method for
teaching requirements engineering for Al-based systems. And also
in [31], the author proposes 9 pivots for a re-conceptualization of
requirements engineering, based on the i* model, and each of them
elaborates and extends the agent-oriented modeling paradigm to
encompass a richer ontology and a broader vision of RE.

The agent taxonomy adopted in this study was not derived from
a single established classification scheme. Instead, it was synthe-
sized from recurring role patterns reported in recent Al agent lit-
erature [28] and industrial Agentic Al frameworks [6]. Classical
Multi-Agent Systems (MAS) research [27] emphasizes coordination,
specialization, and delegation among autonomous agents, whereas
contemporary Agentic Al architectures frequently distinguish plan-
ning, reasoning, tool utilization, execution, and review as separate
responsibilities. Based on these recurring patterns, we adopted six
agent categories—Coordinator, Planner, Reasoning, Tool, Executor,
and Reviewer Agents—to provide a pragmatic and self-explanatory
classification that supports separation of concerns and facilitates
architectural analysis in enterprise modernization scenarios.

3 Study Design

According to classifications of empirical software engineering re-
search [26], this study can be characterized as a small-scale study
because it investigates a limited number of treatments in a single
industrial setting. Its goal is not statistical generalization but rather
the generation of preliminary comparative evidence and practical
insights regarding the strengths and limitations of the evaluated
approaches, providing a foundation for future replications and
larger-scale industrial investigations.

By comparing the results produced by two prompt-based ap-
proaches, we seek to investigate whether the inclusion of i* models
as intermediary artifacts improves the identification of Agentic
Al opportunities in legacy systems. The study was guided by the
following research question (RQ) and associated sub-question.
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RQ1: Does the use of the i* framework as an intermediate Prompt
Engineering artifact improve the identification of Agentic Al imple-
mentation opportunities in legacy system requirements documents?

RQ1.1: Does the i* model increase the number and coverage of
identified Agentic Al opportunities?

RQ1.2: Does the i* model improve traceability between require-
ments, organizational goals, and the proposed agents?

RQ1.3 Does the i* model improve the architectural quality of
multi-agent solutions generated by Large Language Models (LLMs)?

RQ1.4 Which elements of the i* model (Goals, Tasks, Resources,
Softgoals, and Dependencies) contribute the most to the discovery
and identification of agents?

3.1 Study Objects and Data Collection

The study was conducted within a state-owned company operating
in the energy sector in South America. A complete requirements
specification retrieved from the organization’s corporate require-
ments documentation repository was selected as the object of anal-
ysis. The selected documentation pertains to a ship logistics execu-
tion solution implemented on the company’s enterprise resource
planning (ERP) platform. The specification was produced using
the organization’s standardized requirements templates, which are
largely derived from the Rational Unified Process (RUP) use-case
documentation model and extended with organization-specific
customizations. These templates comprise use-case identification
and description, detailed flows of events, pre-conditions and post-
/conditions, «include» and «extend» relationships, non-functional
requirements, and business rules. The data analyzed by the pro-
posed prompts was limited exclusively to the textual content of the
specification documents.

During the analysis of the requirements documentation, a re-
curring process-related issue was identified. According to the com-
pany’s requirements documentation standards and audit guide-
lines, only the specific intervention being implemented was re-
quired to be explicitly documented. Consequently, the applica-
tion—originally developed nearly two decades ago and subjected
to more than 24 evolutionary maintenance cycles throughout its
lifetime—accumulated documentation that primarily reflected in-
cremental changes rather than a comprehensive view of the system
requirements.

Although the overall quality of the documentation was gen-
erally satisfactory, successive modifications to the requirements
templates and occasional changes to the versioning scheme fre-
quently resulted in the reinitialization of documentation artifacts.
In such cases, newly created documents captured only the require-
ments introduced during the corresponding intervention, typically
expressed as new use cases and business rules, while previously ex-
isting requirements were referenced only indirectly through earlier
document versions. This practice led to fragmented documentation
and incomplete historical traceability of requirements.

Given the recurrent nature of this issue, we selected for analysis
the most recent document that also provided the most comprehen-
sive description of the system requirements. This document was
produced in 2012 and, despite approximately 15 subsequent inter-
ventions being recorded within the same documentation set over
the following years, the majority of its documented requirements
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remained valid at the time of the study. Although it would have
been possible to employ an LLM to generate a consolidated version
of all available documents, we deliberately avoided this approach.
Introducing LLM-generated consolidation could have created a con-
founding factor, making it difficult to isolate and accurately assess
the effects of the prompt identification approaches investigated in
this study on the final results.

The requirements document has a total of 13 use cases with
7 explicit actors. If we consider specializations of the actors we
have the following: one General Business User (Commercial), three
Specialized Roles, one Organizational Area Actor, one Satellite
System Actor and one Satellite System-ERP Interface System actor.
There are 16 business rules with a total of 6 of them which are
reused.

The use cases are organized as follows. For each use case, the
identifier (UC), the use case name, the number of associated actors,
and the number of business rules are presented. The names of some
of the elements were changed to better understand the solution
and also to preserve company information.

e UC1 - Reverse Invoice via ERP Transaction: 1 actor and
1 business rule.

e UC2 - View Scale Invoices: 2 actors and 1 business rule.

e UC3 - Issue Invoice: 2 actors and 7 business rules.

e UC4 - Issue Provisional Invoice: 1 actor and 2 business
rules.

e UC5 - Issue Definitive Invoice: 1 actor and 2 business
rules.

e UC6 - Issue Incoming Invoice: 1 actor and 6 business
rules.

e UC7 - Reverse Incomplete Actions: 1 actor and 1 business
rule.

e UC8 - Enter Measurement Parameters: 1 actor and 1
business rule.

e UC9 - Migrate Satellite System Data: 1 actor and 2 busi-
ness rules.

e UC10 - Perform Commercial Release: 1 actor and 1 busi-
ness rule.

e UC11 - Perform Advance Receipt: 1 actor and 1 business
rule.

e UC12 - Perform Manual Shore Confirmation: 1 actor
and 1 business rule.

e UC13 - Execute Satellite-ERP Interface: 1 actor and 1
business rule.

The prompts were written in Portuguese to match the documen-
tation language and avoid potential analysis bias. For the english
version of the prompt, please refer to the Artifacts section.

3.2 Study Execution

As a basis for constructing our prompts, we used the prompt engi-
neering guideline mapping proposed by Ronanki et al. [18]. This
mapping consolidates recommendations identified through a sys-
tematic literature review and validated through interviews with
Requirements Engineering experts.Based on this mapping, we se-
lected a subset of the guidelines associated with the analysis phase
and incorporated them into the prompt design adopted in this study
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Most of the prompt was handwritten, except for the part which
creates the Strategic Dependency and the Strategic Rationale mod-
els based on the use case documents. This was the adaptation of
direct prompt to MS Copilot, which asked suggest a prompt to
create the the two i* models from a use case document.

We selected a subset of the prompt engineering design patterns
suggested for the analysis phase as the basis for the construction
of our prompts. All prompts were performed by the Microsoft 365
Copilot (M365 Copilot), based on the GPT-5 chat model, assistant.
The chosen patterns are the following:

o Self-consistency boosts the performance of chain-of-thought
prompting [25]: rationale augmented ensembles achieve
more accurate and interpretable results than existing prompt-
ing approaches—including standard prompting without ratio-
nales and rationale-based chain-of-thought prompting—while
simultaneously improving interpretability of model predic-
tions through the associated rationales.

o Tree of thought(ToT) [29]: allows LLMs to perform deliberate
decision making by considering multiple different reasoning
paths and self-evaluating choices to decide the next course
of action

4 Study Results and Discussion

4.1 RQ1.1: Does the i* model increase the
number and coverage of identified Agentic
Al opportunities?

Table 1 summarizes the identified agents per category by the two
prompts. The first indicates the agents per category identified only
referencing the use cases in the document(Use Case Only) and the
second one (Use Case + i*) the agents identified per category using
the use cases and the intermediate i* models.

Within the context of this study, the use of i* models did not
appear to affect the number or coverage of identified Agentic Al
implementation opportunities. In fact both solutions covered all the
necessary requirements for the solution. No use case or business
rule was left without coverages in both. But it changed considerably
the proposed Agent Architecture which will be treated in the next

RQs.

4.2 RQ1.2: Does the i* model improve
traceability between requirements,
organizational goals, and the proposed
agents?

The results provide evidence that the use of the i* framework im-

proved traceability between requirements, organizational goals,

business processes, and the proposed Agentic Al architecture. Un-
like a purely use-case-driven analysis, the i* models enabled agents
to be traced not only to functional requirements but also to the
organizational motivations that justify their existence. In this study,
all identified agents were derived from elements captured in the

Strategic Dependency (SD) and Strategic Rationale (SR) models,

which were constructed from the 13 use cases, 16 business rules,

and 7 actors described in the specification.
The Strategic Dependency model contributed by revealing orga-
nizational dependencies among actors and systems. Dependencies



SE4AS 2026, September 8, 2026, Sao Paulo, SP, Brazil Moraes and Kalinowski

Table 1: Comparison of Identified Agents Across Experiments

Agent Category Use Case Only Use Case +1i*
Coordinator Agent Operations Coordinator Agent Logistics and Fiscal Coordinator Agent
Planner Agent Fiscal Planning Agent Operational Planning Agent

Fiscal Reasoning Agent
Reversal Eligibility Reasoning Agent
Cost Center Validation Agent

Fiscal Reasoning Agent

Reasoning Agent Cost Center Validation Agent

Satellite System Integration Agent
ERP Integration Agent
Invoice Monitoring Agent

Tool Agent Satellite System Integration Agent

Executor Agent

Fiscal Compliance Review Agent
Integration Review Agent
Exception Analysis Agent

Reviewer Agent

Fiscal Execution Agent
Migration Execution Agent

ERP Fiscal Execution Agent

Reversal Execution Agent

Migration Execution Agent

Fiscal Compliance Review Agent
Data Quality Review Agent

Audit and Traceability Review Agent

related to invoice issuance, invoice reversal, data migration, cost-
center validation, Invoice authorization, and compliance verifica-
tion exposed coordination and information-exchange requirements
that translated directly into agent responsibilities. For example,
dependencies associated with invoice processing led to the identi-
fication of the Fiscal Planning Agent and Fiscal Execution Agent,
while dependencies involving Satellite System, ERP, and integration
interfaces motivated the creation of specialized integration agents.

The Strategic Rationale model strengthened the identification
process by linking agents to actor objectives and organizational
concerns. Goals related to invoice issuance, fiscal reversals, logistics
data migration, compliance, and cost-center validation became can-
didate agent objectives. In addition, softgoals such as traceability,
reliability, auditability, data quality, fiscal compliance, and integra-
tion consistency justified the introduction of reviewer-oriented
agents, such as the Fiscal Compliance Review Agent, Integration
Review Agent, and Exception Analysis Agent.

A comparison between i* elements and the identified agents re-
vealed a clear pattern: goals mainly contributed to Planner and Ex-
ecutor agents, dependencies to Coordinator and Integration agents,
and softgoals to Reviewer agents. As a result, the i* analysis pro-
vided a stronger rationale for agent identification than a purely
functional decomposition based solely on use cases.

Overall, the main contribution of the i* framework was not the
discovery of additional agent opportunities, but the improvement
of traceability and architectural justification. The resulting archi-
tecture established explicit links between agents, organizational
goals, business dependencies, resources, and quality concerns, pro-
ducing a more explainable and organizationally aligned Agentic Al
solution.

4.3 RQ1.3 Does the i* model improve the
architectural quality of multi-agent
solutions generated by LLMs?

In this study, architectural quality was assessed in terms of spe-
cialization, traceability, governance support, and alignment with
organizational goals. The main architectural difference between

the two multi agent architecture proposed solutions lies in the
level of specialization adopted for process execution and gover-
nance responsibilities. The architecture proposed by the Use Case
Only prompt is primarily oriented toward system integration and
operational automation, introducing dedicated agents for ERP inte-
gration, Satellite System integration, and Invoice monitoring. This
design emphasizes interoperability among enterprise systems and
the automation of logistics and fiscal workflows. As a result, in-
tegration concerns are explicitly represented through specialized
Tool Agents responsible for communication, data exchange, and
synchronization across heterogeneous systems.

In contrast, the i* enhanced architecture exhibits a stronger focus
on governance, compliance, and data quality management. Rather
than allocating multiple agents to system integration activities, it
introduces additional agents dedicated to reasoning about reversal
eligibility, executing reversal operations, reviewing data quality,
and ensuring auditability and traceability. This approach decom-
poses responsibilities into more granular and specialized agents,
thereby increasing the level of oversight and control over business
processes.

Another relevant difference concerns the treatment of execu-
tion activities. In the architecture proposed in the Use Case Only
prompt, a single Fiscal Execution Agent concentrates most fiscal
execution responsibilities. Conversely, the alternative architecture
separates these responsibilities into an ERP Fiscal Execution Agent
and a Reversal Execution Agent, resulting in a finer-grained exe-
cution layer. Similarly, while the use case only employs a generic
Exception Analysis Agent to handle exceptional situations, the i*
enhanced architecture distributes these concerns across dedicated
Data Quality Review and Audit and Traceability Review agents.

Within the context of this study, the i*-enhanced approach pro-
duced a multi-agent architecture that exhibited stronger alignment
with organizational goals and governance concerns. We consider
this the most significant finding of the study, as it suggests that
the proposed shift-left approach to requirements analysis was suc-
cessful in enhancing the understanding of the underlying rationale
behind system requirements [30]. Rather than merely reproducing
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Table 2: 2 Most Significant i* Elements Contributing to Agent
Identification

Proposed Agent Key i* Elements

Operations Coordinator Agent
Fiscal Planning Agent
Fiscal Reasoning Agent
Cost Center Validation Agent
Satellite System Integration Agent
ERP Integration Agent
Invoice Monitoring Agent
Fiscal Execution Agent
Migration Execution Agent
Fiscal Compliance Review Agent
Integration Review Agent
Exception Analysis Agent

Dependencies, Goals
Goals, Tasks

Goals, Dependencies
Goals, Resources
Dependencies, Resources
Dependencies, Resources
Dependencies, Softgoals
Tasks, Goals

Tasks, Dependencies
Softgoals, Goals
Softgoals, Dependencies
Softgoals, Tasks

the existing legacy system architecture using Agentic Al technolo-
gies, the resulting architecture exhibited a stronger alignment with
organizational goals, business motivations, and governance con-
cerns.

4.4 RQ1.4 Which elements of the i* model
(Goals, Tasks, Resources, Softgoals, and
Dependencies) contribute the most to the
discovery and identification of agents?

Among the i* elements, Goals and Dependencies appeared to be
the most influential elements to the discovery and identification of
agents, as seen in Table 2. Goals revealed the intentional objectives
that required autonomous behavior, leading to the identification of
planning, reasoning, and execution agents. Dependencies exposed
coordination, information exchange, and responsibility relation-
ships among actors and systems, driving the identification of coor-
dinator, integration, and monitoring agents. Tasks and Resources
mainly refined agent responsibilities after the agents had already
been identified, while Softgoals were particularly important for
discovering reviewer agents focused on compliance, auditability,
reliability, and traceability. Therefore, Goals provided the primary
source for defining agent purposes, whereas Dependencies provided
the primary source for defining agent interactions and boundaries,
making these two i* elements the most influential in the overall
agent identification process.

4.5 RQ1: Does the use of the i* framework as an
intermediate Prompt Engineering artifact
improve the identification of Agentic Al
implementation opportunities in legacy
system requirements documents?

The findings suggest that the use of the i* framework as an inter-
mediate Prompt Engineering artifact can improve the agent identi-
fication process by strengthening traceability and organizational
alignment. However, this improvement did not result from a higher
number of discovered agentic opportunities or a broader coverage
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of the requirements domain. The use case analysis alone was al-
ready able to identify most of the relevant operational, integration,
and automation opportunities.

The main contribution of the i* models was observed in the
quality of the resulting multi-agent architecture. By explicitly mod-
eling actors, goals, dependencies, resources, tasks, and softgoals,
the i* framework provided additional organizational context that
was not directly apparent in the use cases. This context enabled a
stronger alignment between the proposed agents and the underly-
ing business objectives, stakeholder intentions, and organizational
dependencies.

5 Limitations and Future Directions

One important threat to validity int his study, concerns the attri-
bution of the observed improvements to the i* framework itself.
Part of the observed benefits may derive from the intermediate
modeling step itself rather than the specific notation employed. An
interesting direction for future work is the evaluation of alternative
Goal-Oriented Requirements Engineering (GORE) approaches, such
as Tropos [9] and KAOS [11], as intermediary models for identi-
fying Agentic Al implementation opportunities. Likewise, other
requirements engineering artifacts, including User Stories [8] and
Behavior-Driven Development (BDD) specifications [16], should
be investigated. Such studies could help determine whether the
observed architectural improvements arise from specific character-
istics of i* and GORE models or from a broader reasoning process
induced by the intermediate modeling step.

Another limitation of the proposed approach is its exclusive
reliance on requirements specifications as the sole input artifact.
Although our study showed that high-quality requirements docu-
mentation can support the generation of satisfactory Agentic Al
architectural proposals, requirements alone may not fully capture
the operational reality of long-lived legacy systems. Even in organi-
zations with mature documentation practices, incremental updates,
evolving templates, and partial versioning can result in incomplete
representations of system behavior. Furthermore, requirements
documents often omit tacit [21] and implicit knowledge [13]. It is
also important to note that our evaluation was restricted to use
case models, which limits the generalizability of the results and
motivates further studies using alternative forms of requirements
documentation, such as user stories [8] and vision documents [14].

These limitations motivate the use of additional artifacts as
complementary inputs. Even when architectural documentation
is available, architectural drift may create discrepancies between
documented architectures and their actual implementations [4, 24].
Source code is therefore a particularly promising artifact, as it cap-
tures concrete system behavior and dependencies. Other structured
artifacts, including legislation, regulatory texts, and process stan-
dards, also deserve investigation. Prior studies have already demon-
strated the feasibility of extracting requirements from regulatory
documents [1], suggesting that such artifacts may provide valuable
organizational, compliance, and business context for Agentic Al
opportunity identification.

Finally, future work should investigate alternative mechanisms
for processing and combining these artifacts. While prompt engi-
neering remains an active research area with several design patterns



SE4AS 2026, September 8, 2026, Sao Paulo, SP, Brazil

yet to be explored [18, 22], other interaction paradigms for applying
large language models in software engineering have also emerged.
In particular, retrieval-augmented generation (RAG) approaches
have been employed for requirements-related activities, including
requirements elicitation [10]. Adapting similar mechanisms to sup-
port software modernization represents an interesting direction for
future investigation. Additionally, due to the scope of this study,
the experiment was conducted using a single LLM. Evaluating the
influence of different models on the quality and consistency of the
generated architectures constitutes another important avenue for
future research.

Artifact Availability

The prompt used in this study is publicly available at https://doi.or
2/10.5281/zenodo.21301114 and is released under the MIT License.
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