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Context: Organizations adopting Artificial Intelligence (AI) face
challenges in eliciting and analyzing requirements that align with
strategic objectives, especially when human oversight and itera-
tive refinement are needed. Large Language Models (LLMs)-based
Multi-agent systems provide a potential solution by supporting struc-
tured and collaborative Requirements Engineering (RE) processes
for Al adoption planning.

Objective: The objective of this study is to investigate whether
a multi-agent system, built on LLMs and supported by human input,
can assist in requirements analysis for Al adoption.

Method: We used a mixed-method approach: (i) designed and
developed a multi-agent system to support the generation and priori-
tization of requirements for Al adoption, (ii) conducted multiple case
studies with four companies to evaluate the system, and (iii) collected
data through post-session questionnaires from nine participants and
follow-up interviews, one per company.

Results: Questionnaire and interview findings together indicate
that the system may assist in identifying relevant and goal-aligned
requirements. Seven participants considered the generated require-
ments relevant, and six found them aligned with organizational goals.
Participants noted that iterative feedback improved completeness
and feasibility, often within two feedback rounds. Both data sources
show that human input was essential to clarify technical details,
ensure contextual accuracy, and validate prioritization results. Par-
ticipants from all companies also identified usability, transparency,
and scalability as areas requiring further refinement for broader
organizational use.

Conclusions: LLM-based multi-agent systems can support strategic
AT planning by enabling iterative refinement with human experts.
Future work will include more interviews with stakeholders and
adjustments to system features to improve transparency, usability,
and scalability.

© 2026 The Authors. Published by Wroctaw University of Science and Technology Publishing House.
This is an open access article under the CC BY-SA 4.0 license international.
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1. Introduction

Organizations across diverse sectors increasingly integrate Artificial Intelligence (AI) into
their strategic planning. This integration aims to achieve goals such as improving operational
efficiency, creating new business models, or enhancing customer experience [1,2]. Al
technologies are used in industry, but advances in Generative Al (GenAl) have accelerated
organizational adoption efforts due to its reasoning capabilities and its potential for
integration into workflows and systems [3,4].

Despite growing interest, companies face various challenges in trying to adopt GenAl
tools in real-world contexts. These include concerns about data privacy and the perceived
unpredictability of AT model outputs [5,6]. In this study, we utilize GenAI’s natural lan-
guage processing capabilities to simulate stakeholders and generate interactive multi-agent
dialogues. This enables functions such as summarization, clarity checking, classification,
and prioritization within requirements analysis. While high-level Al strategy can guide
organizational efforts, adopting concrete tools to realize these strategies requires rigorous
planning, with Requirements Engineering (RE) providing structured processes for identify-
ing, analyzing, and prioritizing requirements that support organizational Al strategies [7].

RE plays a key role in the early planning phase of Al adoption by helping companies
articulate and prioritize needs, constraints, and concerns [8,9]. Specifying requirements
for Al-based systems includes unique challenges that differ from traditional software
development [10]. These include ensuring data availability and quality [11] and validating
and interpreting model behavior [12].

Recent advances in LLLMs show potential for supporting RE tasks such as elicitation,
specification, and prioritization [13,14]. Prior work has explored multi-agent LLM frame-
works for generating user stories and analyzing requirements [14]. Zhang et al. [14] showed
how LLM agents can collaborate to improve user story quality. Role-based multi-agent
frameworks such as the multi-agent collaboration framework for RE (MARE) [15] have
been proposed, but their integration into company workflows, particularly for strategic
AT planning and Human-in-the-Loop (HITL), remains underexplored [11]. Multi-agent
approaches can improve coordination, adaptability, and human oversight in planning
tasks. In industrial contexts, agentic systems have supported monitoring, scheduling,
and dependency management in manufacturing operations, improving responsiveness and
reducing downtime. Similarly, in enterprise sales, agent-based workflows help organize
proposal generation and stakeholder communication, supporting human-led validation [16].

This paper extends our earlier work [17], which introduced a LLM-based multi-agent
system for user story generation and prioritization. Building on that foundation, the
present study extends the approach from software-level user stories to organizational-level
requirements. The goal is to explore how multi-agent system can support human—Al
collaboration in company-level Al adoption, where requirements represent strategic goals
rather than product features. We propose a system that supports strategic Al planning by
simulating multiple stakeholder roles and implement it.

In the implemented system, each LLM-based agent is assigned a stakeholder-inspired
role such as Product Owner, Compliance Officer, or Al Strategist. The agents collaborate to
generate and prioritize high-level requirements for Al adoption through two core activities:
(i) generating requirements based on predefined role instructions and (ii) prioritizing these
requirements using ranking methods. Stakeholders configure the roles, review the outputs,
and refine the requirements to ensure alignment with company strategy.

The research is guided by three questions:
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— RQ1: How can a multi-agent system be designed to support companies in analyzing
requirements for strategic Al adoption planning?

— RQ2: To what extent does human involvement influence the quality, relevance, and
prioritization of Al-generated requirements for strategic Al adoption?

— RQ3: What challenges, limitations and, improvement suggestions do companies identify
when using the multi-agent system for Al adoption planning?

To answer these questions, we designed multi agent system and conducted a multiple-case
study in four companies. We used a mixed-methods approach, combining post-session ques-
tionnaires and semi-structured interviews to capture participant feedback and contextual
insights. The core contributions of this research are:

—  We propose and evaluate a novel LLM-based multi-agent system for supporting strategic

AT adoption planning through requirements generation and prioritization.

—  We provide insights and lessons learned on human-Al collaboration, system usability,
and practical challenges based on a multi-case study across four companies.

The rest of the paper is structured as follows. Section 2 provides the background
and related work. Section 3 presents the research methodology, which consists of two
parts: (A) the design and implementation of the proposed multi-agent system and (B) its
evaluation through multi-case studies, detailed in Section 4. Section 5 reports the results
from the four companies. Section 6 discusses the implications of the findings. Section 7
presents the threats to validity. Finally, Section 8 concludes the paper.

2. Background

This study examines strategic organizational requirements for Al adoption, supported by
a multi-agent system that combines generative Al and human-in-the-loop collaboration.

2.1. Organizational AI adoption and challenges

Adopting Al in organizations extends beyond technical implementation. It requires strategic
alignment, data governance, and readiness across departments [18-21]. Smit et al. [20)]
emphasize that trust, data quality, and stakeholder coordination are essential for effective Al
planning. Russo [6] formalizes these relationships through the Human—AT Collaboration and
Adaptation Framework, showing that workflow compatibility is the strongest determinant
of GenAlI adoption, outweighing traditional factors such as perceived usefulness or social
influence. His findings demonstrate that integration success depends on how well Al tools
align with existing processes and roles rather than on the technology itself. Ahmad et al. [8]
similarly note that conventional RE tools remain ill-suited for human-centered Al projects,
where reasoning and contextual interpretation are required. Leadership commitment, shared
understanding, and collaboration remain critical to sustainable Al integration [22,23].
Empirical evidence from industrial studies confirms these challenges. Kemell et al. [5]
identify four recurring barriers in European software companies: data privacy and regulation,
unclear value measurement, fragmented tool ecosystems, and limited employee guidance.
Vaz Pereira et al. [24] report similar issues in a large media company, where developers
valued GenAl for automation but expressed concerns about reliability, data security,
and skill erosion. Flyckt et al. [25] highlight comparable barriers in manufacturing firms,
including weak data governance, limited explainability, and lack of process integration.
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The evidence demonstrates that adopting Al is not only a technical task but a strategic
transformation that affects structures, roles, and practices across the organization. Conse-
quently, requirements analysis in this context must extend beyond defining product features
and instead capture organizational changes, governance mechanisms, and activities that
enable sustainable Al adoption. Such analysis involves multiple stakeholders in different
departments of an organization, and coordination and shared understanding are essential.
This calls for tools that support strategic planning at the organizational level rather than
only specification at the system level. LLM-based multi-agent systems provide a promising
means to address this need. By facilitating multi-level requirements analysis to align with
diverse stakeholder inputs, they can help organizations plan Al adoption in a transparent
and coordinated manner

2.2. Generative Al and multi-agent collaboration in requirements engineering

Building on the organizational context, GenAl provides mechanisms to support RE by
generating, summarizing, and refining textual content for tasks such as elicitation, prioriti-
zation, and validation. Large Language Models (LLMs) can generate user stories and related
artifacts in zero- and few-shot settings [26,27|. Ferrari et al. [28] note that while LLMs
can support RE tasks, their outputs raise concerns about correctness and trustworthiness.
They propose using formal methods to ensure reliable and verifiable results. Abed et al.
[29] find that Al-generated user stories improve through human review.

To extend the capabilities of GenAl in RE, multi-agent systems can coordinate au-
tonomous entities with defined roles. In RE, such systems distribute tasks like elicitation,
refinement, verification, and prioritization among agents. MARE [15] defines role-based
RE agents for negotiation and validation. LDB [30] supports debugging through verifica-
tion-based reasoning. Hong et al. [31] developed a GPT-based system for requirements
refinement and code generation. Sanwal et al. [32] proposed a pipeline for user story
generation and sprint planning with LLM agents. These studies show the potential of
multi-agent collaboration but remain limited to simulated or academic contexts.

Human involvement improves reliability and oversight in Al-assisted RE. Hymel et al.
[33] report that users find it difficult to assess requirement correctness without feedback.
Ferrari and Spoletini [28] suggest integrating LLMs with formal methods to improve
accountability. Ahmad et al. [8] note that current RE tools do not address human-centered
aspects in Al projects. This highlights the need for human-in-the-loop (HITL) mechanisms
that maintain stakeholder understanding and alignment. Few studies have explored LLM-
based multi-agent systems with HITL refinement in real organizations.

Table 1 summarizes recent multi-agent frameworks proposed for requirements analysis
and software development. These frameworks differ in scope, coordination method, evalua-
tion type, and the extent of human-in-the-loop (HITL) integration. Most remain conceptual
or simulation-based, with no industrial validation. Only a few include partial human
feedback or traceability mechanisms. Frameworks such as MARE [15], AutoGen-based
systems, and LDB [30] define agent roles for elicitation and collaborative debugging but have
been tested only in academic settings. Similarly, ProAgent [34], ALAS [14], Goal2Story [35],
MAGIS [36], and RTADev [37] focus on conceptual design or prototype-level demonstrations
without industrial application or systematic human validation.

Existing RE approaches provide limited support for the human, technical, and strategic
dimensions of AI adoption planning within organizations [8]. Addressing this gap requires
methods that combine automation with human oversight to enable multi-level analysis
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Table 1. Comparison of multi-agent approaches in requirements engineering
Framework Scope Method Evaluation Ind.usmjlal HITL
type validation
. Role-based  coordination Not
MARE [15] Multi-agent RE framework and task assignment Conceptual No addressed
ification-bas son- Partial
LDB [30] Debugging and elicitation Yerl cation baseq reasot Prototype No értla
ing and error tracing reasoning trace
Cooperative agent orches- Task coordination with lim- . . Limited
ProA 4
roAgent [34] tration ited feedback Simulation No visibility
Designed agent roles for s
ALAS [14] automated user story en- Role-based . coordination Prototype No Not
and task assignment addressed
hancement
. . LLM-based wuser story Partial
Goal2Story [35] ﬁzal—(iilrllven RE via Impact generation with adaptive Prototype No HITL
pping prompts traceability
. . Role-specialized agents for
Issue resolution and main- . . Not
MAGIS [36] tenance planning pla]imalng7 coding, and QA Prototype No addressed
review
Multihyp agent consen-
RTADev [37] SthvYare development sus and alignment-checking Simulation No Not
pipeline addressed
process
. . . . HITL
Requirements generation Role-based multi-agent sys- Empirical .
Our study N s . . Yes multi-agent
and prioritization tem with iterative feedback multi-case .
collaboration

and informed decision-making. This study empirically evaluates a role-based multi-agent
system that supports collaborative requirements analysis and prioritization in strategic
AT adoption. Human-in-the-loop feedback is integrated throughout to refine outputs and
align them with organizational objectives. Evaluation across four companies demonstrates
practical applicability and identifies key challenges in human—AlI collaboration within RE.
To the best of our knowledge, this is the first empirical evaluation of a multi-agent RE tool
in industrial settings.

3. Research methodology

The methodology consists of two sections: (A) the design and implementation of the
proposed system and (B) its evaluation through multi-case studies across four organizations.
Part A describes the system architecture, implemented features, and technical components.
Part B outlines the case study design, including case selection, data collection, and analysis
procedures. Figure 1 illustrates the methodology, highlighting the system lifecycle (design
and development) and its subsequent evaluation in real-world settings.

3.1. Proposed and implemented system
3.1.1. System design
Human-in-the-loop workflow: As illustrated in Figure 2, the framework comprises

multiple LLM-based agents, each assigned a distinct role for task completion. They collab-
orate by exchanging intermediate outputs and iteratively refining their responses based on



https://www.e-informatyka.pl/EISEJ/papers/2026/1/3/

Sami et al. e-Informatica Software Engineering Journal, 20 (2026), 260103

A.
Proposed &
Implemented System

m‘ System Design \

B.
Multi-Case Study Evaluation

3 Case Selection

: : (=)
: X
i
. Data Analysis
~ & Reporting

Agent roles setup

/\2 | System Development

Hands-On Interaction

Implementation overview H —

.

ﬂemi-Structured Interviews \

B -

18 Questions
Likert Scale
Open-Ended

3

9 Responses
Collected from
Participants j

: e = D D @)
s P A ||BE ||©% 6] ;
: @ Human in loop workflow : : Software Software Energy Logistics :
: Company Company Company Company :
= Query Construction & ( P \ ( - ‘ .
: 9-@ Refinement : : ‘!’ Demo ‘ €) Data Collection
: : 45-min Demonstration f \
H H H = TN g . . :
: K@g@ Collaboration Patterns : : =85 Feature overview @ ) Post-Use Questionnaire :

h—1

-

)

Descriptive
L P!

Requirements Prioritization

7= Requirements Generation f , X
L) \ Interview Sessions
H z Conduct Interviews
1 i Incremental Development : - . L &. 1 from each Company
ﬂ @ . H Questionnaire Interview \_
Thematic

Jllnterview Quid

Technical Implementation -

Initial Insights

Qualitative

~

Im
B

\

Figure 1. Overview of the research methodology, illustrating (A) system design and implementation and
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Figure 2. Human intervention with LLM agents for task completion

human feedback. Integrating human feedback into the response refinement process fulfills
an effective HITL mechanism in improving the quality of task outputs.
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The process begins with a task description and associated contextual information, which
are transformed into a structured query. This query is then processed by multiple agents,
where agents interact according to a predefined interaction pattern to complete the task.
The generated outputs are evaluated by human users. If the outputs are accepted, a final
requirements are saved to system; otherwise, user feedback is used to revise the query and
the context, and the process iterates again.

The framework includes a data store that records and maintains agent profiles, con-
versation logs, user feedback, and history outputs. The repository supports iterative
query refinement by enabling the system to retrieve relevant contextual information and
incorporate user feedback effectively. This framework supports dynamic agent interaction
and continuous outputs improvement through feedback loops. The following subsections
detail how queries are constructed and refined for task completion, and the collaborative
patterns agents use to execute these queries.

Query construction and refinement: The proposed framework relies on prompt engi-

neering to define and control how agents perform their assigned tasks. Prompts serve as the

primary mechanism for guiding LLMs in role interpretation, contextual input processing,

and response generation [34]. To balance system-wide consistency with agent-specific

customization, the structure of queries sent to the agents comprises two types of prompts,

i.e. user prompts and system prompts.

— User prompts specify agent-specific roles, task descriptions, and contextual information
relevant to each task.

— System prompts specify shared instructions applicable to all agents involved in a task,
including the response structure, tone, output constraints, and formatting conventions.

At runtime, the user and system prompts are merged into a single query that enables
differentiated agent behavior without modifying the underlying model parameters [38]. If the
output generated by agents fails to meet user expectations, a query refinement is triggered.
Rather than reconstructing a new query from scratch, the framework reuses the original
query and adds user feedback to improve the resulting response. Therefore, the refinement
query incorporates two additional components, i.e. previous output and user feedback.

— Previous outputs are responses generated by agents based on the original query.
— User feedback includes clarifications, suggestions, or corrections provided by the user
to guide the output enhancement.

The updated prompt may optionally revise the original task, role assignments, or
contextual information based on the feedback. All other components remain consistent
with the initial prompt structure. The iterative human-in-the-loop mechanism is expected
to support the incremental enhancement of agents’ outputs so that the framework can
improve the responsiveness to evolving user feedback and enhance the quality and relevance
of task execution.

Multi-agent collaboration patterns: The agents in the proposed framework follow
multi-agent design principles and support multiple interaction patterns, each aligned with
a general strategy for coordinating task execution [39,40]. Upon task initiation, the user
identifies a group of agents based on the nature of the task and the roles required for
task completion. Each agent operates under a predefined role and a corresponding set of
instructions specified within the query. The selection of conversation pattern is decided
by the degree of inter-agent dependency needed for task completion. As illustrated in
Figure 3, we use three multi-agent collaboration patterns from the existing literature
[41]. When three agents execute a task, the system supports three collaboration patterns:
role-delegation, peer coordination, and independent execution. The role-delegation pattern
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Figure 3. Collaboration patterns between agents: (a) role delegation, (b) peer coordination,
and (c) independent interaction

follows a hierarchical structure. A commander agent (Agent 1) receives the task input,
assigns sub-tasks to subordinate agents (Agent 2 and Agent 3), and synthesizes their outputs
into a final result. This pattern fits modular tasks with minimal inter-agent dependency.

The peer coordination pattern enables decentralized collaboration, where all agents
communicate directly, exchange intermediate results, and refine responses through dialogue.
It is ideal for tasks requiring consensus, comparison, or integration of diverse viewpoints,
such as eliciting and analyzing requirements from multiple stakeholders.

The independent execution pattern involves agents working autonomously. Each receives
the same input, performs its task independently, and produces a separate output. This
pattern fits tasks requiring parallel analysis. These configurable collaboration patterns
provide flexibility in orchestrating agent workflows and enable the system to accommodate
a broad range of task structures, from tightly integrated to fully independent processes.

3.1.2. System development

To demonstrate the implementation of the system and evaluate its use in practice, we
developed a multi-agent system to support human-in-the-loop strategic Al planning. The
system focuses on high-level strategic organizational requirements that support decision-
making for strategic Al adoption. As shown in Figure 4, the system addresses two core
tasks: (1) requirements generation and (2) requirements prioritization. Requirements are
represented as user stories, which facilitate communication of stakeholder expectations
and support agile, incremental planning even at strategic levels. This approach bridges
high-level organizational goals with concrete implementation details.

Task 1: Requirements generation. Requirements generation follows a role delegation
pattern. Senior stakeholders, such as executives, strategic planners, and IT leaders, initiate
this task by providing strategic context through a vision statement and a process-oriented
Minimum Viable Product (MVP) [42]. The MVP outlines an iterative roadmap emphasizing
processes, stakeholder interactions, governance structures, and scalability pathways rather
than specific technological solutions. Figure 5 presents excerpts from the vision statement
and MVP. Senior stakeholders also define strategic Al planning roles and required expertise.

(1) User Story Generation (2) User Story Prioritization

o

\ Reasoning tl’o;_: two [t_LJ]
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Stakeholders and their Security & to select
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Figure 4. Al-driven multi-agent system for requirements analysis and prioritization
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Vision and MVP for Stakeholder-Driven Strategic Al Planning

Vision statement

Our vision is to transform our IT company into a leading Al-enabled organization that leverages
cutting-edge artificial intelligence to optimize processes, empower data-driven decision making,
and deliver exceptional value to stakeholders. By implementing a stakeholder-driven, LLM-based
multi-agent approach to requirements analysis for each Al adoption use case, we ensure that every Al
solution addresses real business challenges and evolves with the dynamic market and technological
landscape...

MVP

Minimum Viable Plan (MVP) for Al-Enabled Organizational Transformation. 1. Vision Statement:
Transform our IT company into a leading Al-enabled organization that leverages cutting-edge
artificial intelligence to optimize processes, empower data-driven decision making, and deliver
exceptional value to stakeholders. 2. Strategic Objectives: Establish a structured AI adoption
framework to guide investments, develop a stakeholder-driven AI requirements process, implement
governance and ethical frameworks, and define a roadmap for scalable Al integration across business
units. 3. Stakeholders and Their Goals: Executives align initiatives with business strategies, IT
Leaders develop scalable infrastructure, Data Scientists optimize Al models, Compliance Officers
ensure governance, and Business Units leverage Al for decision intelligence and process automation.
4. MVP Scope (Initial Phase): Deploy a stakeholder-driven, LLM-based multi-agent system for Al
use case analysis, identify and prioritize initiatives using structured criteria, and develop governance
policies. 5. Success Metrics: Strategic Al Integration Index, AT Governance Readiness Score, Business
Impact Metrics, and Scalability Readiness. 6. Iterative Roadmap: Phase 1 involves requirements
elicitation and prioritization with LLM agents, while Phase 2 focuses on feasibility assessment and
scalable implementation...

Figure 5. Vision and MVP for stakeholder-driven strategic Al planning

Agents such as Al Strategist, Compliance Officer, and Business Owner are then assigned
to generate candidate user stories reflecting business value, regulatory compliance, and
technical feasibility. The Al Strategist coordinates and disseminates contextual information
to subordinate agents, enabling parallel outputs. Human users review, refine, and confirm
these generated requirements to ensure alignment with organizational objectives. Table 2
summarizes the agent roles implemented in the system.

Table 2. LLM-based agent roles and corresponding responsibilities and tasks

Agent Role Responsibilities Tasks
AI Strate- Lead Identify high-impact AI use cases, Translate business challenges into Al
gist strategic align initiatives with strategic goals, opportunities; generate and prioritize
agent and foster cross-departmental collab- requirements related to strategic align-
oration. Continuously reassess and re- ment and innovation; coordinate agent
fine AI direction to stay ahead in activities across the system.
a rapidly evolving landscape.
Security Regu- Ensure Al initiatives adhere to le- Identify regulatory constraints; gener-
and Com- latory gal frameworks and ethical guidelines, ate compliance-focused requirements;
pliance oversight  mitigating risks related to bias, pri- validate system outputs for regulatory
Officer agent vacy, security, and transparency. alignment and risk mitigation.
Business Business Translate operational needs into ac- Contribute business-centric require-
Owner value tionable requirements for Al solutions. ments; prioritize based on business
agent Ground initiatives in business pro- value; refine based on practical chal-

cesses and practical value. Facilitate
collaboration between business and
technical stakeholders.

lenges and measurable outcomes.
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Task 2: Requirements prioritization. Requirements prioritization is implemented as an
independent interaction pattern. The user selects three agents and chooses a prioritization
technique, e.g., the Weighted Scoring Model (WSM), Weighted Shortest Job First (WSJF),
or the $100 method [43], along with the number of iterations (three to ten). As shown
in Figure 4, each agent independently repeats the prioritization process X times using
the same prompt, generating one ranking list per iteration. To evaluate the stability of
these rankings, the system computes Kendall’s Tau correlation for every pair of lists across
all iterations. After all iterations, it calculates the average Kendall’s Tau distance (1 — 7)
of each ranking to the others [44,45]. The ranking with the lowest average distance is
identified as the most consistent, indicating convergence toward a stable prioritization. For
each agent, the system identifies the two most stable rankings, i.e., those with the lowest
average Tau distances, thereby filtering out random variation and ensuring reproducible
prioritization outcomes. The user then reviews these top two rankings per agent and selects
the one that best reflects their judgment.

Users may assign weights to the selected rankings to reflect the relative importance

of each agent’s viewpoint. For example, the AI strategist may prioritize feasibility and
alignment with Al objectives, the business process owner may focus on business value, and
the security/compliance specialist may emphasize technical and regulatory constraints.
Weights are fully configurable, to select a value from a drop-down, such as 40-35-25, and
can be adapted to the decision context. The system aggregates the chosen rankings using
the provided weights to produce the final prioritized list. This workflow combines statistical
stability analysis with expert input, ensuring that the outcome reflects both data-driven
consistency and human judgment. Screenshots and source code for the full workflow are
available in the public repository!.
Technical implementation details: This system extends our earlier prototype [17].
The current implementation comprises a eact frontend and a Python backend built with
the Starlette framework [46,47], using real-time WebSocket communication. The back-
end manages user sessions, agents profiling, processes OpenAl API calls, and structures
the generated outputs. GPT-40 [48] was used for all agent roles through the OpenAl
API, selected for its performance and cost efficiency in real-time multi-agent interaction.
The temperature parameter was set to 0.1 to reduce generation variability, while other
parameters such as top-p, frequency penalty, and presence penalty remained unchanged.

Supabase is used for role-based authentication, and MongoDB stores the application
data. The system integrates human-in-the-loop mechanisms that enable iterative feedback
during requirements refinement. Agents operate under predefined roles such as Al Strategist,
Business Owner, and Compliance Officer.

The multi-agent environment was developed iteratively to support organizational Al
adoption. Development progressed through staged integration of agent roles, communication
logic, and feedback mechanisms to ensure stable and efficient operation. Its performance
was evaluated in earlier work [17], which confirmed technical feasibility and provided the
foundation for this study.

4. Multi-case study evaluation

The evaluation aimed to assess how the multi-agent LLM system supports strategic Al
adoption planning through human—AI collaboration in the requirements analysis process.

"https://github.com/GPT-Laboratory /multiagent-story-generation /tree/main /screenshots
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Following the guidelines of Runeson and Host [49], we conducted case studies in four
companies. Data collection included post-use questionnaires and semi-structured interviews.
Questionnaire responses (n = 9) were analyzed using descriptive statistics, while interview
data were analyzed thematically using Braun and Clarke’s method [50].

The study timeline was coordinated with the participating organizations. The initial
evaluation was conducted in Company D during February and March 2025, during which
the system was refined based on participants’ feedback. The updated version was then
used in the remaining three companies for evaluation in April and May 2025. In total, the
study spanned four months, with all interviews completed in May 2025. The following
subsections describe the demonstration, data collection process, analysis methods, and
data reporting for each research question.

4.1. Case selection

The study was conducted in four organizations: two software consultancies, one energy
provider, and one logistics company. Following established case study guidelines [49,51],
we applied a convenience sampling strategy [52], selecting organizations that were both
accessible and actively engaged in Al adoption initiatives. The cases were chosen to reflect
variation in industry sector, company size, and level of Al maturity.

Each organization agreed to participate voluntarily and nominate individuals involved
in Al-related planning or decision-making processes. These included IT leaders, product
owners, an agile coach, directors, and development managers responsible for planning or
implementation tasks.

Company A is a small software consultancy providing development and technology
services to clients in the USA, Pakistan, and the UAE. It uses generative Al tools such as
Cursor and Copilot to improve productivity in software development and is exploring Al
for product planning, marketing, and client engagement. The main challenge is integrating
Al into daily workflows to achieve measurable business impact. Motivated by these goals,
the company joined the study to evaluate how the tool could support strategic Al planning
and requirements analysis. The Director of Technology (P2) and Product Owner (P1)
participated, focusing on Al-assisted requirement elicitation and planning.

Company B is a mid-sized software consultancy providing product development and
process automation services in the USA and Pakistan. It uses generative Al tools such as
ChatGPT, Codium, Cline, and Cursor Al across departments, with most teams using them
to accelerate workflows and improve customer satisfaction. The company is also developing

an agent-based HR automation system for CV prioritization and Al-supported interviews.
The main challenge is aligning Al initiatives with existing systems and governance processes.

Motivated by these goals, the company joined the study to explore how the tool could
support Al-assisted prioritization and planning. The IT Leader (P3), Business Process
Owner (P4), and IT Leader (P5) participated in the study.

Company C operates in the European energy sector, providing electricity, heating,
and renewable energy services. It has an internal software unit managing digital systems
and data-driven operations. The company is identifying Al use cases to optimize energy
management and improve productivity across departments. About half of the employees
use tools such as Copilot and ChatGPT to enhance efficiency and reduce routine work. The
main challenge is managing change and ensuring smooth technology adoption. Motivated by
these goals, the company joined the study to explore how the tool could support strategic
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Table 3. Overview of case companies and participants

Company Region Industry #Employees Participant (ID, Years of Experience)

A South Asia Software Consultancy 1049 Product Owner (P1, 10+), Director of Technol-
ogy (P2, 12+)

B South Asia Software Consultancy  50-249  IT Leader (P3, 8+4), Business Process Owner
(P4, 7+), IT Leader (P5, 5+)

C Europe Energy Sector 50-249  Development Director (P6, 10+), Development
Manager (P7, 10+)
D Europe Logistics 499-750  Scrum Master (P8, 5+), Al Strategist (P9, 9+)

AT planning. The Development Director (P6) and Development Manager (P7) participated,
focusing on aligning strategic and technical planning.

Company D is an international postal, logistics, and service provider with a strong
presence in Central and Eastern Europe. It delivers a broad range of mail, parcel, and
freight solutions, supported by dedicated internal software teams responsible for routing,
operational efficiency, and service analytics. The organization is committed to high-quality
standards and continuously adapts its offerings to meet evolving customer needs and
is piloting Al to improve operational efficiency, automation, and decision-making while
maintaining compliance with security and legal standards. A key challenge lies in identifying
AT use cases with measurable business value and clear return on investment. Motivated by
these goals, the company joined the study to explore how the tool could support strategic
AT planning and prioritization. The Scrum Master (P8) and Al Strategist (P9) participated
in the study, focusing on aligning operational and strategic Al initiatives.

Table 3 summarizes the context of the four participating companies, including their
region, industry, size, and participant experience. The cases represent diverse sectors and
organizational scales, ranging from small consultancies to large enterprises, with participants
holding senior roles in Al and technology management.

4.2. Demo

Following system implementation, participants from all four organizations were intro-
duced to the tool through guided demonstration sessions. Each organization took part in
a 45-minute session that included an overview of the system’s features, configuration of
agents and roles, and hands-on interaction. The purpose of these sessions was to familiarize
participants with the system and ensure they were prepared for independent use.

During the demonstration, participants explored key capabilities, including assigning
agent roles, generating and refining user stories using given vision and MVP statements,
and prioritizing them. This phase served both to collect initial user feedback and to support
participants in applying the system autonomously within their own planning workflows.

4.3. Data collection

Post-use questionnaire: In this phase, participants completed a post-session questionnaire
comprising 18 questions organized into five sections aligned with the research questions. The
first section collected demographic and organizational background information (Q1-Q7).
The second and third sections included 16 five-point Likert-scale statements (Q8-Q9,
Q12-Q13) examining requirement generation, refinement, prioritization, and strategic align-
ment. Evaluation followed a subset of requirement quality criteria from ISO/IEC/IEEE
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Table 4. Summary of data collection, participants, sessions, and average durations

Instrument #Participants #Sessions/#Responses Avg. Duration
Demonstration and Q&A 9 (P1-P9) 4 sessions (one per company) 45 min
Post-Session Questionnaire 9 (P1-P9) 9 responses 14:24 min

Semi-Structured Interviews 4 (P2, P3, P7, P9) 4 interviews (one per company) 35 min

29148:2011 [53]. These sections measured perceptions of relevance, correctness, complete-
ness, feasibility, transparency, and alignment with organizational goals. The fourth section
assessed human—AlT collaboration and integration through Likert and open-ended ques-
tions (Q13-Q14). The fifth section contained multiple-selection and open-ended questions
(Q15-Q17) capturing perceived benefits, challenges, and improvement suggestions, followed
by one numerical rating question on overall recommendation likelihood (Q18). The complete
questionnaire and interview are available in the project’s GitHub repository?.
Semi-structured interviews: After the post-session questionnaire, we conducted in-
terviews with one participant from each company, invited based on prior questionnaire
completion and informed consent. These interviews explored deeper reflections on system
usefulness, organizational fit, and suggestions for improvement. Discussions began by
establishing organizational context, including current GenAl tool usage, roll out stage, and
the participant’s role in Al adoption. Participants then shared initial impressions of the
system, focusing on ease of use and alignment with strategic planning goals.

The interviews examined the feedback process in detail, including types of revisions
to system-generated requirements, number of feedback rounds required, and how human
input shaped final outputs. Further, the sessions investigated how well the system fit within
organizational workflows, addressing trust in Al-generated logic, team-specific needs, and
internal resistance. Finally, participants reflected on the system’s overall value and proposed
concrete suggestions for improving functionality, usability, and integration.

Table 4 summarizes the data collection process. Each company participated in one
demonstration session, followed by a post-session questionnaire completed by nine partici-
pants, with an average completion time of approximately 14 min. Four follow-up interviews,
one per company, provided deeper insights into system use and organizational fit. Interview
durations ranged from 33 to 38 min (P2: 38 min, P3: 33 min, P7: 34 min, P9: 34 min),
with an average duration of approximately 35 min.

4.4. Data analysis and reporting

We applied both quantitative and qualitative methods to analyze the collected data,
including post-session questionnaire responses and semi-structured interviews. These two
sources of data were used for triangulation to strengthen validity and ensure consistency
between quantitative and qualitative findings.

We performed descriptive statistical analysis, calculating means and standard devia-
tions to summarize participants’ ratings, while frequencies and percentages were used for
categorical items. Responses were grouped by research question to examine perceptions of
system usefulness, effectiveness of feedback, and integration into organizational workflows.

For qualitative data, we analyzed interview transcripts using thematic analysis following
Braun and Clarke’s six-phase method [50]. We adopted an inductive, data-driven approach

https://github.com/GPT-Laboratory /multiagent-story-generation /tree/main /instrument
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where codes and themes were developed directly from the data. ATLAS.ti® was used for
coding. Coding decisions were discussed among the research team to ensure consistency.
Participant quotations were edited for readability by removing filler words and applying
minor grammatical refinements without altering meaning.

The analysis identified one high-level theme for RQ1 (first-use impressions and initial sup-
port), two themes for RQ2 (feedback-driven refinement and benefits of human-in-the-loop),
and four themes for RQ3 (usability barriers, scalability, trust and transparency, and user
suggestions). A total of 37 unique codes were applied to 175 coded quotations across
four interviews. The number of quotations per code ranged from 1 to 20. The qualitative
findings supported RQ2 and RQ3 by capturing feedback on user trust, refinement processes,
human-in-the-loop interactions, integration challenges, and design suggestions. The full list
of codes available on GitHub?.

5. Results

In total, nine participants completed the post-session questionnaire, which included
Likert-scale and open-text questions across five sections. Four participants (P2, P3, P7,
and P9), one from each company, took part in follow-up semi-structured interviews.
The interviews followed RQ-aligned prompts focusing on system use, human-in-the-loop
interaction, trust, and improvement suggestions.

Nine participants used the system within their organizational planning workflows. For
example, in Company D, participant P8 received 21 initial requirements generated by the
system. In the feedback rounds, one duplicate was removed, four overlaps were merged,
and missing contextual details were added. At the end, the process produced 16 approved
user stories. Table 5 presents representative examples of initial and refined user stories,
illustrating how user feedback improved the relevance and precision of outputs. Practitioner
comments mainly focused on clarifying scope, removing duplicates, and ensuring alignment

Table 5. Examples of requirements before and after refinement during iterative development

. Feedback .
ID Requirements cedbac Refined requirements
summary

1 As a compliance officer, T aim  Add reference to As a compliance officer, I aim to establish
to establish AI governance applicable regula- Al governance practices aligned with the
practices to ensure ethical and  tory frameworks. EU AI Act and internal ethical standards
legal AT use in the organization. to ensure legal and responsible AI use.

2 As a project stakeholder, I aim  Clarify evaluation As a project stakeholder, I aim to validate
to validate AI project priorities criteria and link to Al project priorities through structured
through structured review ses- decision process. evaluation sessions using defined criteria
sions. for business value and feasibility.

3 As an executive, | want to es- Add measurable As an executive, I want to establish a struc-
tablish a structured Al adop- outcome or accep- tured Al adoption framework that defines
tion framework to guide orga- tance criteria. key milestones and measurable outcomes
nizational planning. for responsible deployment.

4 Asaproject stakeholder, I need  Avoid duplication As a project stakeholder, I need AI gov-
AT governance policies to guide and make scope ex- ernance policies specifying data handling,
system design. plicit. accountability, and audit mechanisms to

guide Al system design.

Shttps://atlasti.com/
“https://github.com/GPT-Laboratory /multiagent-story-generation
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with compliance and strategic context. The complete set of generated and refined stories
with feedback notes is available in the project repository.

5.1. System support for requirement analysis (RQ1)

The analysis identifies one main theme: System Support for Requirement Analysis. It
describes how the system assists users in generating, reviewing, and aligning requirements
with organizational goals, showing that it enables structured formulation of requirements
while allowing users to provide feedback and maintain control during refinement.

Questionnaire responses indicate generally positive perceptions of the generated re-
quirements. Seven participants (78%) agreed or strongly agreed that the requirements
were relevant (M = 4.2, SD = 0.6), and six participants (67%) agreed that they aligned
with organizational goals (M = 4.1,SD = 0.7). Five participants (56%) reported that
only minor modifications were needed before using the generated requirements. Overall,
the quantitative results suggest that the system was perceived as supportive for early
requirement formulation and for maintaining alignment with organizational objectives.

The interview data provide further insight into how this support was experienced in
practice. Participants emphasized the relevance and usefulness of the generated requirements.
As P2 noted, “When I started exploring it, it was quite impressive... it gives me some
promising results as well.” Pariticipant P3 also highlighted the efficiency of the tool: “It
was very fast in giving the requirements results quickly, at least for short projects.”.

Participants also described how the system contributed to organizational goal alignment,
as P7 reflected, “I was curious about how it would bring more knowledge... it shows us how
agents perform different roles.” This indicates that the multi-agent design helped broaden
requirement perspectives.

Finally, the interviews also support the finding that only minor refinement was needed.
For example, P9 explained, “I did like the human-in-the-loop... it’s possible for a human
to adjust the results that are not satisfactory. That was really something good.” This
illustrates how feedback mechanisms enabled efficient revision rather than extensive rework.
Together, the questionnaire and interview data converge: the system helps generate relevant,
goal-aligned requirements while allowing users to refine outputs with minimal effort.

5.2. Human-in-the-loop for refinement and prioritization (RQ2)

This question reports how human—Al interaction supports requirement refinement and
prioritization. The analysis integrates quantitative and qualitative evidence to understand
how human feedback influences the quality and acceptance of generated requirements.
Questionnaire data indicate that iterative feedback improves perceived requirement quality
and alignment with project goals.

As illustrated in Figure 6a, six of nine participants (67%) approved the requirements
after two feedback rounds (M = 2.1,SD = 0.9), indicating that two iterations were
generally sufficient to reach an acceptable outcome. The interview data provide explanatory
context for this pattern. Participants consistently reported needing two to three refinement
cycles, with the exact number depending on the clarity of the initial input. As P2 explained,
“Most of the requirements are at a high level.. some take two rounds, and for others more
than three.” P3 similarly observed, “For the small project, it was just two to three rounds.”
P5 noted that unclear prompts increased iteration effort: “If the input is vaguely described,
the system stays at the same level. The better the preparation, the better the output.” They
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Figure 6. User-reported feedback cycles and quality aspects: (a) feedback rounds before approval, (b) quality
aspects requiring human feedback, (c) requirement improvements, and (d) agreement levels on prioritization
outcomes

also observed that longer discussions sometimes led to “losing track of missing points”
requiring additional iterations.

Moreover, As shown in Figure 6b, missing requirements were reported by 5 participants,
unnecessary requirements, completeness, and technical feasibility by 4 participants each,
business feasibility by 3 participants, and clarity and wording by 1 participant. No partic-
ipant mentioned correctness as a concern. These quantitative results suggest that while
the system generated technically sound outputs, additional human input was necessary to
ensure contextual completeness and feasibility.

Interview data further clarify why such refinements were required. We identified theme
“Feedback-driven refinement” where P2 (Company A) explained, “Some minor improve-
ments will be there, like the technical feasibility should be there, and if I think about the
correctness, most of the things are correct, but need to be aligned with the, you know, require-
ments. And so obviously the human involvement will be there.” Similarly, P3 (Company B)
observed, “Mostly, when the requirements were big enough, then it missed some technical
points. So I needed to clarify it to come back to the context. Sometimes it loses focus, so
that’s what I did.” These insights indicate that participants viewed their role as ensuring
contextual and technical alignment, particularly for larger or more complex requirements.

The questionnaire and interview data show that while the system produced accurate
and well-structured outputs, users needed to verify and adapt them for organizational and
technical relevance. Human review thus complemented system performance by addressing
contextual completeness and ensuring feasibility across diverse project scopes.
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Table 6. Perceived improvements in requirements before and after human feedback

Requirement quality aspect Before feedback (M 4+ SD) After feedback (M £ SD) Change in mean

Reflects Intent 3.67 &+ 0.47 4.11 £ 0.57 +0.44
Updated by Feedback 3.78 + 0.63 3.89 + 0.74 +0.11
Clarity and Wording 4.00 £+ 0.47 3.67 + 0.47 -0.33

Building on the previous findings on feedback rounds and quality aspects, the next
analysis examines how participants perceived improvement in the generated requirements
before and after human feedback. Figure 6¢ and Table 7?7 summarize these perceptions.
The average score for “Reflects Intent” increased from M = 3.67 (SD = 0.47) to M = 4.11
(SD = 0.57), and “Updated by Feedback” rose from M = 3.78 (SD = 0.63) to M = 3.89
(SD = 0.74). “Clarity and Wording” decreased slightly from M = 4.00 (SD = 0.47) to
M =3.67 (SD = 0.47), indicating mixed perceptions of phrasing simplicity after refinement.
Overall, the quantitative results suggest that participants perceived improvement through
feedback, especially in terms of intent reflection and iterative updates.

Interview evidence provides further explanation for these patterns. Participants de-
scribed the feedback process as useful for removing redundant or unclear requirements
while improving overall accuracy. As P9 (Company D) stated, “It can be time-consuming if
there are duplicates. When I was generating some requirements, I got two that were almost
the same, which required another round of editing. The human should be in the loop. It
improved the output, for example by approving selected requirements or completely removing
them from the system.” This comment illustrates how iterative human review contributed
to improving output quality through selection and refinement.

Figure 6d shows agreement levels on prioritization usefulness and alignment. Five of nine
participants agreed that prioritization outcomes aligned with organizational goals, while
four remained neutral. Participants familiar with prioritization techniques (e.g., WSJF,
Weighted Scoring, $100 allocation) reported better understanding of the rationale behind
prioritization outcomes. Interview data further illustrate this point. As P7 (Company C)
stated, “In some cases, it’s good to have the human opinion in your decision-making
process, of course. But it’s sometimes good to have also that.. nonhuman opinion,... think
again about your own idea of prioritization and gives another perspective.” This reflects
how human-in-the-loop prioritization encouraged reflection and comparative reasoning,
allowing participants to validate and reassess their prioritization logic in relation to the
system’s suggestions.

Overall, the questionnaire and interview data indicate a consistent pattern. Two feedback
rounds were sufficient for most participants (6 of 9) to finalize requirements. Perceived
quality improved after feedback, particularly in capturing intent and integrating user
input. Interview insights confirm that human review addressed omissions and redundancies,
enhanced completeness and feasibility, and guided prioritization. Collectively, the findings
demonstrate that human—Al collaboration strengthened refinement while maintaining
contextual accuracy and user control.

5.3. Challenges and suggestions (RQ3)

The analysis identified challenges and improvement areas for system adoption, as illustrated
in Figure 7. Four participants selected employee resistance to adoption and difficulty cus-
tomizing the system as the most frequent issues. Lack of transparency in prioritization, trust
in model output, and Al-human misalignment were each mentioned by three participants.

17



https://www.e-informatyka.pl/EISEJ/papers/2026/1/3/

18

Sami et al. e-Informatica Software Engineering Journal, 20 (2026), 260103

Two participants reported difficulty integrating feedback, and one noted too many refinement
iterations. These results indicate that challenges were mainly human and organizational
rather than technical. The higher frequencies for resistance and customization suggest that
usability and workflow alignment were central to adoption concerns.
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Figure 7. Most commonly reported challenges identified in the questionnaire

Interview findings supported these results and explained why they occurred. Three
themes were identified: usability and interface barriers, scalability and adaptability con-
straints, and trust and transparency limitations. Participants also proposed practical
improvements that align with these themes.

Usability and interface barriers. The interview data provide further detail on usability
challenges. Participants explained that navigation and layout issues reduced efficiency
during requirement review and prioritization. P2 (Company A) explained that the interface
caused friction, noting, “When I tried to assign weightings in the prioritization view, it
did not work properly.” P3 (Company B) similarly stated that the system “needs more
development to reach a usable quality level.” These statements clarify that resistance and
customization concerns reflected workflow interruptions rather than reluctance toward
AT assistance. Participants suggested improving layout consistency, clearer task flow, and
visual indicators for new results to enhance speed and reduce friction.

Scalability and adaptability constraints. Participants also discussed performance
limitations when handling larger datasets. Although scalability appeared less frequently
in questionnaires, it was discussed in every interview. P3 (Company B) noted, “When
1 tested it for larger concepts, it lost focus. I guess it’s a general issue with LLM.” P9
(Company D) added, “If you’re generating 100+ requirements, grouping or deduplication
becomes hard. There needs to be more hierarchy.” These views indicate that the system
performed effectively for smaller datasets but lost structure as data volume increased.
Participants recommended hierarchy views, filters, and duplicate-detection tools to preserve
clarity in large-scale projects.

Trust and transparency limitations. Interview participants raised concerns about
transparency of reasoning behind prioritization outcomes. P3 (Company B) pointed out
that “It doesn’t show how WSJF scores are calculated. That undermines the trust.” P2
(Company A) similarly stated, “The team was concerned about how the agent was making
decisions, especially in prioritization.” These insights help explain the medium frequency of
trust-related issues reported in the questionnaire. Participants stressed the need for visible
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reasoning to sustain confidence in outputs and suggested adding intermediate calculations,
manual adjustment options, and rationale logs to improve traceability and trust.

These interview findings reinforce the quantitative results shown in Figure 7. Participants
valued the system’s capability to analyze and prioritize requirements but emphasized that
adoption required smoother interface design, better scalability, and greater transparency.
Addressing these needs through improved layout, hierarchical organization, and clear
explanation of reasoning processes was considered essential for broader organizational use.

6. Discussion

This section discusses the key findings by interpreting results in context, identifying
implications for practice and research, and summarizing lessons learned. It also reflects on
challenges and limitations observed during system use in four companies.

6.1. Interpretation of findings

The results indicate that the proposed multi-agent system that across the four companies,
similar patterns were observed in how the system supported requirement generation,
refinement, and prioritization. In all cases, participants confirmed that human oversight
was necessary to ensure contextual and organizational accuracy. First, participants aligned
Al-generated requirements with domain terminology and internal objectives. Second,
requirements were adjusted for compliance and feasibility constraints that were not captured
by prompts. Third, cross-department alignment required human judgment to maintain
consistency with organizational priorities. These refinements indicate that human input
focused on contextual interpretation rather than only on error correction. The feedback
mechanism was consistently valued for enabling targeted revisions without extensive
rework, typically within two feedback rounds. These commonalities suggest that human—Al
collaboration was effective in maintaining alignment between generated outputs and
organizational goals, regardless of company type or domain.

Differences across cases were linked mainly to organizational context, sector character-
istics, and participant roles. The software consultancies (Companies A and B) emphasized
efficiency and task-level integration into ongoing projects, reflecting their agile development
environments. In contrast, the energy and logistics organizations (Companies C and D)
focused on compliance, governance, and strategic alignment due to their regulated and
large-scale operational contexts. Participant backgrounds also influenced these differences:
technical leaders prioritized feasibility and iteration speed, whereas strategic and managerial
roles emphasized explainability, traceability, and long-term value. These contextual factors
shaped how participants perceived the system’s strengths and areas for improvement.

Overall, it indicates that organizational maturity in AI adoption and participant
expertise guided the nature of human feedback. While all companies recognized the
system’s value in structuring early requirement analysis, their emphasis differed according
to internal objectives and operational settings. This variation demonstrates that human—Al
collaboration in RE must adapt to sector-specific needs, governance structures, and user
expectations to ensure reliable and contextually appropriate results.
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6.2. Implications and lessons for practitioners

This study identifies practical aspects for applying LLM-based multi-agent systems in
organizational Al planning and requirements analysis. A structured human—ATI workflow
supports requirement generation, refinement, and prioritization. Participants can approve,
modify, delete, or request clarification for individual requirements. This controlled interac-
tion maintains human oversight throughout, ensuring contextual alignment, compliance,
and quality assurance while reducing effort for initial drafting.

Role-based configurable agents distribute work between specialized roles such as genera-
tion, verification, and prioritization. This configuration supports accountability and allows
adaptation to different organizational contexts and stakeholder responsibilities.

Explainability and auditability should be embedded in system design to maintain trust
and enable traceability of decisions [54]. Integration with existing planning and documen-
tation environments can reduce adoption effort and support iterative improvement [18,55].
Scalability and governance mechanisms are needed to preserve clarity and accountability
in large projects. Human oversight remains central for contextual judgment, compliance,
and verification in agentic workflows [56]. Organizations should define clear human roles
that balance automation and accountability, ensuring that agent-generated outputs are
reviewed and adjusted before implementation.

For practitioners, the key lessons are: (i) multi-agent systems should function under
defined human oversight, (ii) iterative feedback cycles should be part of the review process
to improve output quality, (iii) transparency mechanisms should make intermediate rea-
soning visible for review, (iv) workflow compatibility and interface clarity should support
organizational adoption, and (v) governance structures should ensure responsible and
traceable decision-making.

These implications guide the development and use of transparent, auditable, and
context-aware multi-agent systems for requirement analysis in industrial environments.

6.3. Implications for research

This study offers preliminary empirical insights into the operation of LLM-based multi-agent
systems within real organizational contexts, extending earlier conceptual and experimental
work [15,57]. While prior studies focused mainly on technical feasibility, our findings
illustrate how human-in-the-loop interaction and contextual adaptation may influence
system usefulness and user acceptance. These results provide early empirical support for
further investigation into Al-supported RE and decision-making in organizational settings.

The findings also complement existing theories of human—AI collaboration [58, 59],
suggesting that user feedback can function both as a quality control mechanism and
a means of trust calibration. The observed role of transparency is consistent with work on
explainable AI [54], indicating that explainability-by-design remains an important research
direction for RE tools. Future research should examine systematic approaches for tracing
agent reasoning and assessing how visibility of decision logic affects user trust and adoption.

Finally, the study highlights the value of integrating socio-technical perspectives into
the design of agentic systems. Role-based configuration and transparent feedback loops
may provide a useful foundation for studying distributed reasoning and accountability
in human—agent teams. These observations align with emerging industry perspectives
that emphasize deliberate collaboration between humans and agents [56]. Further work
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should expand on these exploratory findings to develop structured evaluation methods and
theoretical models connecting Al engineering and organizational research.

6.4. Limitations and future work

This study has several limitations that constrain interpretation. Current large language
models remain limited by hallucination, weak domain adaptation, and incomplete reasoning
transparency. Although human-in-the-loop validation reduced inconsistencies, generation
errors and redundancy persisted, showing that the system cannot yet operate autonomously.
Agent coordination was constrained by the absence of shared memory and adaptive
communication, limiting collaborative reasoning and continuity across refinement cycles.
The system also operated under short context windows, affecting traceability during
iterative interaction. We use GPT-40 model for evaluation, restricting comparison across
architectures and excluding analysis of model bias and fairness. The participant sample
was small (nine questionnaires and four interviews across four organizations), limiting
generalizability beyond similar contexts.

Future studies expand the participant base to improve representativeness and assess gen-
eralizability across industries. Integrating retrieval-augmented memory or extended-context
models could improve reasoning continuity and traceability during multi-round refinement.
Embedding explainability features such as reasoning logs, decision-tracing, or rationale
visualization can strengthen interpretability and trust [54]. Comparative evaluation using
multiple open and proprietary models is needed to assess robustness and reproducibility.
Longitudinal and domain-specific studies can examine system adaptation over time and
under regulatory constraints. Finally, developing adaptive coordination mechanisms [57]
may enhance information sharing and collaborative reasoning among agents, supporting
scalability in organizational deployment.

7. Threats to validity

There are a number of threats to the validity of our findings, despite our efforts to mitigate
them. In reporting these, we adopt the classification scheme proposed by Runeson and
Host [49], which builds on Yin’s work [60] and is widely used in software engineering case
study research. The scheme includes four dimensions: construct validity, internal validity,
external validity, and reliability. While originally developed for positivist studies, Runeson
and Host note that it can also be applied to flexible design studies. We therefore use it
here to structure our validity discussion

7.1. Construct validity

The evaluation focused on a role-based multi-agent system using GPT-40 to support Al
planning tasks. The questionnaire was aligned with the research questions and reviewed
by multiple authors for coverage and clarity. For requirements-related quality aspects,
constructs such as relevance, completeness, and refinement were informed by ISO/IEC/IEEE
29148:2011 guidelines. Triangulation with qualitative interview data supported the inter-
pretation of participant responses. Variation in participant roles and company contexts
helped ensure consistent application of the constructs. Future studies will include more
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companies, a larger and more diverse participant pool, and additional stakeholder roles to
evaluate construct stability across different organizational settings.

7.2. Internal validity

The study conducted to evaluate LLM-based multi-agent system in companies for strategic
AT planning. Participant responses may have been influenced by expectations, organizational
roles, or group dynamics during planning activities. Company-specific factors such as team
composition, Al maturity, and strategic priorities may also have shaped perceptions of
the system. We used a standardized task structure and fixed agent prompts across all
case studies to reduce variation. Data triangulation across questionnaires, and interviews
reduce interpretation bias. Similar patterns across companies suggest findings are not
context-specific. No detailed interaction logs captured; future work wil incorporate these to
support behavioral analysis. Furthermore, researcher bias represents an additional internal
validity threat. The authors participated in both system design and evaluation, which
may influence the interpretation of participant feedback. Anonymization and analysis help
reduce such effects, although complete neutrality cannot be ensured.

7.3. External validity

The study included four case companies from different industrial sectors, and the consis-
tency of their feedback strengthens the external validity and overall rigor. Each company
contributed post-session questionnaire responses and one follow-up interview. Although
participants held relevant roles in Al planning, the small sample size and early-stage
deployment context limit generalizability. The limited number of participants (nine ques-
tionnaires and four interviews) further constrains external validity. Future studies with
broader representation, including small and medium-sized enterprises, would enhance
generalizability and allow deeper assessment of transferability across industrial contexts.

7.4. Reliability

System configuration, agent roles, task prompts, and instruments were consistent across
all cases. The first author conducted and thematically analyzed all interviews, while
questionnaire data were examined using descriptive statistics. All protocols were designed
with the second and other authors, though minor variation in facilitation may have occurred.
A shared coding scheme was applied to reduce subjectivity. Future studies could strengthen
reliability by using automated instrumentation and expanding data collection and analysis.

7.5. Ethical concerns

All respondents and case companies were anonymized to protect confidentiality and en-
courage honest feedback. Only essential contextual details were retained. This reduced
the risk of biased or overly positive responses. One participating company also signed
a Non-Disclosure Agreement (NDA) to ensure proper handling of sensitive data.
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8. Conclusions

This study examined a LLM-based multi-agent system for requirements analysis in the
context of strategic Al adoption. The system assigns stakeholder-inspired roles that generate,
refine, and prioritize requirements in collaboration with human users. Evidence from
a multi-case study involving four companies suggests that the system can support early
requirement structuring and facilitate planning discussions. Participants valued the ability
to review agent-generated drafts but emphasized that human oversight remained necessary
to ensure contextual relevance, compliance alignment, and strategic fit. Reported challenges
included limited transparency of prioritization logic, difficulty in adapting outputs to
organizational standards, and the lack of integration with existing enterprise tools.

Overall, the results indicate that such a system could assist early planning activities by
reducing manual effort and providing structured starting points for discussion, but it does
not replace human judgment or domain expertise. Future research investigate transparency
mechanisms such as decision logs and traceable reasoning, explore collaborative multi-user
operation, and examine integration with enterprise platforms. Broader evaluations across
diverse organizations may provide stronger evidence on the system’s practical adoption,
scalability, and organizational readiness.
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