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Abstract. The ongoing evolution and societal impact of AI systems 
demand systematic methods to embed ethics into AI development. Exist-
ing approaches often struggle to translate high-level ethical principles 
into concrete, adaptable software requirements, resulting in “ethical debt” 
that risks reputational harm, regulatory issues, and diminished stake-
holder trust. This paper introduces the Ethical Requirements Stack 
(ERS), a structured, multi-layered artifact designed to elicit, decompose, 
and manage ethical requirements (ERs) from abstract themes to action-
able development tasks. The ERS is operationalized through a human–AI 
collaborative workflow that leverages GPT-based Large Language Mod-
els (LLMs) for scalable ideation, complemented by human oversight to 
ensure contextual and ethical alignment. Using a design science research 
methodology, we demonstrate how the ERS supports the translation 
of stakeholder-elicited ethical values—aligned w ith frameworks such as
IEEE 7000™-2021—into traceable software specifications. Our findings
show that the ERS enables structured ethical reasoning and highlights
the complementary strengths of AI-generated breadth and human criti-
cal judgment. This work contributes a practical approach for integrating
ethics into the AI development lifecycle, supporting responsible innova-
tion and reducing ethical debt through a combination of human-centered
design and LLM-assisted requirements engineering.

Keywords: Ethical Requirements Stack · Human-AI Collaboration · 
Large Language Models (LLMs)

1 Introduction 

The ongoing evolution of Artificial Intelligence (AI) continues to drive inno-
vation in Software Engineering (SE). Modern AI-powered systems automate 
tasks, p rocess vast datasets, generate content, act autonomously, and support
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real-time interaction [1], transforming domains such as healthcare, finance, and
autonomous systems [2–4]. While these advancements offer substantial benefits, 
they also introduce significant and evolving ethical challenges. Longstanding 
concerns, including bias, privacy, and accountability, are c ompounded by new
risks such as AI-driven disinformation and unpredictable model behaviors [5]. 
Addressing these issues requires proactive integration of ethics across the AI 
development lifecycle to ensure sustainable and responsible software systems.

A central challenge lies in Requirements Engineering (RE): identifying, artic-
ulating, and managing ethical requirements (ERs)—explicit represen tations of
values like fairness and transparency [6]. ERs are often abstract, interdisciplinary, 
and dynamic, evolving with rapid development cycles. Although Ethics by Design 
(EbD) approaches stress the importance of ERs, most frameworks lack adaptabil-
ity for iterativ e environments, struggling to translate high-level principles into
actionable and continuously evolving ERs [7,8]. These shortcomings contribute 
to what can be described as ethical debt—a growing misalignment between high-
level ethical principles and their concrete implementation in software systems. 
Similar to technical debt (the future cost of taking shortcuts), ethical debt accu-
mulates when ethical considerations are deferred, only partially addressed, or
inconsistently managed, creating risks that compound over time [9,10]. Man-
aging this debt requires mechanisms that make ERs explicit, traceable, and 
adaptable across the lifecycle, especially in iterative development contexts.

The IEEE Standard 7000™-2021 addresses this challenge by providing a pro-
cess model for integrating ethical considerations into system design. The stan-
dard guides the elicitation of stakeholder values, their translation into ethical 
value requirements, and the traceability of these requirements from high-level 
principles to implementable specifications. It also emphasizes early integration,
stakeholder engagement, and continuous alignment between ethical values and
system functionality throughout the lifecycle [11]. Although the IEEE 7000 
establishes a high-level process, practical instantiations that translate these prin-
ciples into actionable metho ds, particularly in dynamic environments like Agile,
remain limited.

To address this gap and extend the Ethical Requirements Stack (ERS) [12], 
this paper presents its design and operationalization within the Design and 
Demonstration phases o f the Design Science Research Methodology (DSRM)
[13]. The ERS provides a multi-layered structure that operationalizes ethi-
cal principles by translating them into context-sensitive and adaptable system 
requirements, aligning with standards such as IEEE 7000™–2021 and contribut-
ing to the mitigation of ethical debt. Designed for iterative methodologies like 
Agile, it provides a structured approach to integrating ethics into dynamic devel-
opment processes. Our Demonstration validates the ERS’s core mechanisms—its 
multi-layered structure using human–AI collaboration—as a proof of concept. 
Central to this is the use of GPT-based large language models (LLMs), specif-
ically ChatGPT, to enhance efficiency, while human oversight ensures contex-
tual sensitivity and stakeholder awareness. This study examines how combining
human and AI strengths can support the elicitation and refinement of ERs.
Accordingly, we address the following research questions:
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– RQ1: How can the ERS be operationalized to elicit, structure, and manage 
ethical r equirements within an Agile environment?

– RQ2: What are the benefits and challenges of integrating Human–AI collab-
oration in the ERS wo rkflow for generating and refining ethical requirements?

This study focuses on the design and demonstration of the ERS in early RE 
phases, situated within a broader Ethics by Design (EbD) for AI context. The 
primary contributions are threefold: (1) the design of the ERS as a structured, 
multi-layered artifact for managing adaptive ERs in RE; (2) The demonstration 
of Human–AI collaboration within the ERS workflow, showcasing the integration 
of GPT-based AI into requirements e licitation, refinement, and structuring; and
(3) an empirical evaluation of the ERS in practice, assessing how Human–AI
collaboration affects the comprehensiveness, clarity, and adaptability of ERs.
The remainder of the paper is structured as follows: Sect. 2 reviews related w ork,
Sect. 3 outlines the methodology, Sect. 4 presents the ERS artifact, the wo rkflow,
and findings, Sect. 5 discusses the evaluation, and concludes with limitations and
future work.

2 Background and Related Work 

Software Engineering (SE) faces new challenges as Artificial Intelligence (AI) 
systems continue to evolve and become integral to mo dern applications across
various domains, including healthcare, finance, and autonomous systems [2–4]. 
AI, defined as computational systems capable of perceiving, learning, and making 
decisions with minimal human intervention [14], differs from traditional software 
that follows explicitly programmed rules, relying instead on data-driven models 
that introduce uncertainty, opacity, and adaptability [15]. These characteristics 
enable powerful capabilities in content generation, d ecision-making, and human–
AI interaction [16,17], but they also complicate established SE practices, particu-
larly Requirements Engineering (RE). Traditional RE assumes that requirements 
can be elicited, specified, and validated, yet AI systems are adaptive, data-driven, 
and often opaque. This makes it difficult to translate stakeholder values into pre-
cise, testable requirements and to ensure traceability between requirements and
system behavior [10]. 

The field of AI ethics addresses the moral, societal, and human-centered 
implications of AI technologies, emphasizing principles such as transparency,
accountability, fairness, and privacy [18,19]. However, rapid AI progress has 
introduced dynamic ethical challenges—disinformation, privacy breaches, and 
manipulative technologies like deepfakes and surveillance systems [3,5]. Embed-
ding ethics throughout the system lifecycle is essential. Yet, conventional AI 
ethics principles often remain abstract and difficult t o operationalize, leading
to implementation gaps and ethical blind spots [18]. These unresolved concerns 
accumulate as ethical debt : deferred or inconsistently managed ethical issues that, 
like technical debt, compound risks over time [9]. RE—the discipline of identi-
fying, analyzing, and managing requirements—is a natural avenue for managing
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this debt. Ethical Requirements (ERs) translate abstract principles in to action-
able system specifications [20], yet existing RE practices often struggle to capture 
and adapt ERs in fast-moving Agile contexts [10]. 

Several frameworks and methods have been developed to bridge this gap. 
IEEE Std 7000™-2021 provides a structured process for Value-Based Engineering 
(VbE), guiding stakeholder value elicitation, ethical value requirements (EVRs),
and traceability from concept exploration to design [11]. While comprehensive, 
its phased, linear orientation can be m isaligned with iterative Agile practices
[7,21]. ECCOLA offers a more Agile-oriented tool, organizing ethical themes 
into card-based prompts and practical recommendations [22]. It raises aware-
ness but lacks mechanisms for systematically connecting high-level values to 
granular development tasks across iterations. Ethical User Stories (EUSs) adapt 
the user story format to embed ethical concerns (e.g., “As a user, I want my
data anonymized so that my privacy is protected”) [23]. They are effective for 
capturing specific ethical needs but lack a hierarchical or e volving structure for
managing ERs across project lifecycles.

These approaches have advanced the field but share common limitations: 
they are often static, difficult to adapt in dynamic AI contexts, and may over-
look context-specific ethical risks [24]. As a result, ethical debt continues to 
accumulate, widening the gap between high-level principles and their actionable 
implementation. This creates space for frameworks that combine the rigor of 
standards like IEEE 7000 with the iterative flexibility of Agile methods. Human– 
AI (H-AI) collaboration provides a promising direction. Large L anguage Models
(LLMs), such as GPT-based ChatGPT, can generate, organize, and refine ERs at
scale, complementing human expertise in contextual understanding, moral rea-
soning, and oversight [25,26]. While current research highlights the potential of 
H-AI collaboration in RE [27], there remains a lack of structured methodologies 
for systematically embedding it into the continuous elicitation and management
of ERs.

The Ethical Requirements Stack (ERS) was first proposed in [12] as a multi-
layered framework for translating abstract ethical values into Epics, Features, 
User Stories, and Tasks. Its conceptual strength lies in combining hierarchi-
cal structuring with iterative adaptability, aligning ethical requirements with 
Agile portfolio management principles. By explicitly linking ethical principles 
to evolving system requirements, the ERS offers a pathway for systematically 
managing and reducing ethical debt. This p aper advances the ERS by presenting
its detailed design and operationalization, focusing on how H-AI collaboration
can enhance its workflow and address the limitations of existing frameworks.

3 Methodology 

This study adopts an exploratory approach following the Design Science 
Research (DSR) paradigm to address the challenge of integrating ethical require-
ments (ERs) into AI development [28]. The Design Science Research Methodol-
ogy (DSRM) by [13] is appropriate because the study involves both the creation
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of an artifact—the Ethical Requirements Stack (ERS)—and the demonstration of 
its utility in a relevant setting. Accordingly, the research followed three phases: 
(1) designing the ERS as the core artifact, (2) demonstrating it through col-
laborative workshops with human–AI teams in an Agile-inspired environment, 
and (3) conducting a mixed-methods evaluation of its utility. Rather than testing
hypotheses, the methodology emphasizes building and demonstrating a practical
solution to a real-world problem [13,28]. 

To complement DSR, we used the ECCOLA method [22,29] and Ethical User 
Stories (EUSs) [23]. ECCOLA consists of 22 cards across nine AI ethics themes— 
analyze, transparency, data, agency and oversight, safety and security, fairness, 
wellbeing, accountability, and governance—each posing questions to prompt eth-
ical reflection. EUSs adapt Agile user stories ( “As a [user], I want [goal] so that
[reason]”) to embed ethical reflections to help elicit ERs in AI development [23], 
where the “goal” states the ethical outcome and the “reason” its motivation. For 
example: “As a user, I want my data anonymized so that m y privacy is pro-
tected.” This makes abstract ethical principles actionable, promoting ethically
informed AI design [23]. 

3.1 ERS Design and Development (DSRM: Design) 

The Ethical Requirements Stack (ERS), first introduced by [12], is a multi-
layered framework for embedding ethical requirements (ERs) in to AI develop-
ment (see Fig. 1). The ERS operationalizes high-level ethical principles by sys-
tematically decomposing them into context-sensitive, actionable system require-
ments, maintaining traceability and alignment with standards and regulations, 
while supporting continuous feedback to adapt to evolving contexts. Inspired by
Agile portfolio management and requirements stacks [30,31], it organizes ERs 
hierarchically: Themes represent broad ethical principles; Epics define strate-
gic objectives; Features describe necessary system functionalities; and User Sto-
ries/Tasks specify actionable development steps [32]. ERs are drawn from ethical 
guidelines, societal values, or AI ethics standards (e.g., IEEE 7000–2021), rang-
ing from general mandates like “prevent discrimination” to specific ones such 
as “obtain informed consent before data collection.” This structure translates 
abstract principles into actionable requirements, promoting ethical alignment 
in practice. A core strength of the ERS is its adaptability, supporting ongo-
ing refinement as new concerns or regulations arise. For this study, the ERS
was refined through: (1) Conceptual adaptation of Agile principles; (2) Inte-
gration of ethical AI literature and tools like ECCOLA and Ethical User Sto-
ries (EUSs); and (3) Iterative structuring of abstract principles into practical,
context-sensitive ERs [12]. 

3.2 ERS Operationalization: Workshops (DSRM: Demonstration) 

The ERS was demonstrated through two scenario-based workshops (each approx-
imately three hours), serving as exploratory case illustrations of its practical
use. The workshops served as exploratory demonstrations of the ERS in practice
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Fig. 1. Hierarchical organization of t he ERS.

rather than as formal empirical validation. The outcomes of these w orkshops
are reported in Sect. 4, where we illustrate how the ERS was operationalized in 
practice and what it yielded.

3.3 Participants and Data Collection 

Ten researchers (Table 1) and ChatGPT collaborated in the study. Participants 
were purposively recruited from an international software engineering conference 
and a university research lab, with expertise in Software Engineering, Infor-
mation Systems, and Cybersecurity—chosen for relevance to A gile methods,
requirements engineering, sociotechnical insights, and security/privacy perspec-
tives [33]. Their analytical skills and detailed feedback supported the exploration 
of the ERS’s practical use. All participan ts provided informed consent (redacted
for anonymity Consent Form), which outlined anonymization measures, rights, 
voluntary participation, confidentiality, and potential risks. Workshop artifacts 
included human- and AI-generated EUSs and ERs, notes f rom ERS usability
discussions, and Flinga exports of collaborative work.

Table 1. Participant Roles and E xpertise

Participant Role Area of Exp ertise
R1–R2, R7–R9 Software Engineering 
R3 Cyber Securit y
R4–R6, R10 Information Systems

https://doi.org/10.5281/zenodo.15281543
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Table 2. Central Ethical Themes and S elected ECCOLA Cards

ECCOLA Ethical Theme [18,22,29] ECCOLA Ethical (Sub-theme) [22,29] 
Well-being Societal Effect (#17)
Transparency Communication (#3), Documenting T rade-offs (#4)
Data Privacy and Data (#7)
Analyse Stakeholder Analysis (#0)
Governance Retention and Disp osition (#21)
Agency/Oversight Human Oversight (#11)

Agile-Inspired Setup. The workshops adopted Agile principles [34], struc-
turing activities like sprints to enable iterative refinement. Cross-functional col-
laboration was simulated by having participants role-play managers, developers, 
and other stakeholders. Frequent feedback loops allowe d continuous refinement
of ERs for clarity, ethical alignment, and actionability [35]. 
Scenario and Activities. The workshops focused on a fitness tracking app, 
chosen for its accessibility and relevant ethical challenges, such as privacy. The 
app enables users to monitor health data via smart devices (e.g., smartwatches, 
fitness bands, smartphones), requiring e xplicit permission for biometric data
collection while also allowing manual input. A full use case description is pro-
vided in the supplementary materials at Zenodo Repository. This scenario high-
lighted ethical concerns like privacy and transparency. Participants used s even
ECCOLA cards spanning six ethical themes (Table 2) to develop Ethical User 
Stories (EUSs) and Ethical Requirements (ERs). Using the Flinga online white-
board, they followed a four-stage process: (i) identifying ethical concerns via 
ECCOLA prompts, (ii) drafting EUSs, (iii) translating EUSs into system-level 
ERs, and (iv) refining ERs for clarity and alignment. For example, from the 
EUS “As a user, I want my fitness data to remain private...”, the ER “The sys-
tem must enable users to delete their fitness d ata at any time” was derived by
reframing the core ethical concern as a concrete, ECCOLA-aligned requirement.
These ERs were then refined to enhance clarity, ethical fit, and actionability,
enabling a collaborative, iterative approach to ethical design.

Human-AI Collaboration. ChatGPT was integrated to complement human 
input by generating ERs from three sources: the fitness app use case, ECCOLA 
cards (e.g., #7—Privacy and Data), and human-authored EUSs. For some 
themes (e.g., Stakeholder Analysis, Documenting Trade-offs), ERs were gener-
ated directly from the use case and ECCOLA prompts due to missing human-
authored EUSs. Outputs were iteratively refined through prompt adjustments
guiding ChatGPT toward ethical alignment and actionable formulation. Table 3 
illustrates this process, showing how refinement shifted responses from vague 
user stories to operational requirements.

https://doi.org/10.5281/zenodo.16895064
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Table 3. Iterative Prompt Refinement During Human–AI Collaboration

Prompt Version Description/Outcome 

Initial Prompt Example: “Using ECCOLA card #7—Privacy and Data, and this EUS, 
generate ERs.” 
Outcome: Responses included user stories and vague suggestions. 

Refinement #1 Prompt: “Ensure ERs align with the ethical theme.” 
Outcome: Stronger alignment with ECCOLA themes. 

Refinement #2 Prompt: “ERs should be actionable requirements, not user stories.” 
Outcome: Clarity improved; ERs became operationalizable 

Fig. 2. Human vs AI ERs b y ECCOLA theme.

3.4 Data Analysis 

We employed a mixed-methods approach combining qualitative and quantitative
analysis [36]. The ERS was managed in Microsoft Excel to structure ERs hierar-
chically (Theme → Epic → Feature → Story), remove duplicates and irrelevan t
items, and refine inconsistent phrasing. For qualitative analysis, Framework
Analysis [37] was used to deductively code ERs against ECCOLA themes and 
map them into ERS layers by abstraction, with consensus checks ensuring reli-
ability. For quantitative analysis, frequency counts of 869 ERs (620 from 
ChatGPT, 249 from humans) measured theme coverage and abstraction levels,
highlighting differences in focus between human- and AI-generated ERs (Figs. 2, 
3). 

4 ERS as a Design Artifact 

This section presents (i) the ERS as a design artifact, and (ii) outcomes from its
operationalization in workshops.
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Fig. 3. Distribution of ERs across ERS layers.

The ERS was instantiated as a multi-layered artifact that aids the translation 
and management of abstract ethical principles to actionable requirements. Its
hierarchy - (Themes, Epics, Features, Stories; Fig. 1) enables systematic decom-
position of values elicited via tools like ECCOLA and EUSs. The design empha-
sizes three key value propositions for practitioners: Traceability, through hier-
archical links from the Theme layer down to individual Stories,; Adaptability, 
achieved through the granular, loosely coupled layers that allow requirement 
changes without system-wide refactoring; and Scalability, which supports the
decomposition of broad ethical values across large, complex systems. By pro-
viding a formalized structure, the framework offers a means to address ethical
debt as development contexts change. Table 4 shows how the privacy theme was 
decomposed during workshops, refining high-level principles (e.g., GDPR com-
pliance) into implementable requirements.

Table 4. Illustrative ERS decomposition for Privacy

Layer Example Requiremen t
Theme Ensure GDPR compliance, including consent a nd deletion mechanisms
Epic Users must be able to revoke data collection consen t at any time
Feature Provide user-friendly consent screens with p ermission controls
Story Allow users to view, modify, or delete their data at any time
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4.1 Results — What Operationalization Yielded 

The workshops resulted in two instantiations of the ERS (available at Zenodo 
Repository). The first was a human-only ERS, derived entirely from participant-
authored EUSs and ERs. The second was a ChatGPT-assisted ERS,  where  the  AI  
generated ERs directly from human-authored EUSs based on ECCOLA prompts 
and the use case, with guided prompts to ensure contextual and ethical align-
ment. T his hybrid instantiation broadened thematic coverage while preserving
precision through human oversight. Together, these versions illustrate the ERS’s
adaptability to different collaboration modes.

4.2 Findings 

We present our findings aligned with the two research questions (RQs).

Answering RQ1: Design and Decomposition of the ERS. RQ1 examined 
how the ERS supports systematic decomposition and adaptive management of 
ethical requirements in Agile AI development. We assess its role across core 
Requirements Engineering (RE) stages: elicitation, analysis, specification, prior-
itization, validation, and management. 

Elicitation drew on seven ECCOLA cards across six ethical themes, embed-
ding ethics early in the process. Analysis involved clarifying ambiguities and
checking feasibility against the fitness app scenario. Specification translated
EUSs into preliminary ERs, refined into Themes, Epics, Features, and Sto-
ries (Table 3). Prioritization structured ERs into ERS layers by granularity and 
abstraction, ensuring traceability and prioritization [30]. Validation and ver-
ification were achieved through collaborative refinement for clarity and ethi-
cal alignment, though without deployment. Management positions the ERS as 
a dynamic backlog, enabling continuous adaptation across iterations. Table 4 
illustrates the decomposition for Privacy-related requirements. Overall, the ERS 
operationalizes RE phases iteratively rather than sequentially, consistent with
Agile principles.

Answering RQ2: Insights from Human-AI Collaboration. Our analysis 
of human- and AI-generated ERs produced five Preliminary Insights (PIs) on 
the benefits and challenges of Human–AI collaboration. The first three address 
quan titative traits; the last two focus on qualitative dynamics.
Quantitative Findings.

PI1: Coverage and Focus Divergence — ChatGPT generated a much higher volume 
of ERs with broad thematic coverage, while human researchers contributed fewer
but more concentrated ERs.

A total of 869 ERs were produced (620 ChatGPT, 249 human). ChatGPT’s 
outputs spanned all ECCOLA themes, with a peak in Privacy & Data. In con-
trast, humans emphasized Communication while omitting others such as Stake-

https://doi.org/10.5281/zenodo.15282653
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holder Analysis. This divergence reflects the trade-off between AI’s breadth a nd
humans’ selective depth.

PI2: Alignment with Core Themes — Both groups emphasized Privacy & Data 
and Communication, but Stakeholder Analysis was consistently underrepresented
(Figure 2). 

PI3: Layered Focus Divergence — ChatGPT concentrated on granular Story-level 
ERs, while humans focused on higher-level Themes and Epics, reflecting comple-
mentary strengths (Figure 3). 

Qualitative Findings 

PI4: Agile’s Iterative Refinement — Both ChatGPT and human researchers 
improved ERs through iterative cycles: prompt tuning for ChatGPT and group 
discussion for humans, enhancing clarity, alignment, and actionability.

Agile-inspired feedback loops supported continuous refinement. For Chat-
GPT, this involved adjusting prompts to yield clearer, more actionable ERs
(Table 3), while for humans, collaborative discussion refined ERs for depth and 
contextual alignment. This iterative process produced structured requiremen ts
across ERS layers (Theme–Epic–Feature–Story), as illustrated in Table 4. 

PI5: Synergistic Refinement — ChatGPT ensured breadth and scalability, while 
humans added contextual nuance and ethical precision, together producing layered,
actionable ERs.

For instance, ChatGPT’s broad ERs (e.g., “protect user privacy”) became 
actionable only after refined prompting (Table 3). Human researchers further 
resolved ambiguities, grounding requirements in context and stakeholder needs. 
This synergy highlights a complementary model: AI accelerates i deation at scale,
while human input ensures ethical clarity and implementation relevance.

5 Discussion and Conclusion 

We synthesize key benefits and challenges, organizing the discussion thematically 
while explicitly referencing eac h Preliminary Insight (PI) to ensure empirical
traceability.

5.1 The Benefits of Human-AI Synergy in ERS Development 

The collaboration between human researchers and AI in the ERS process lever-
ages their complementary strengths, enhancing scalability, actionability, and
adaptability—without replacing human expertise.
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Enhanced Comprehensiveness and Scalability (PI1): As identified in 
PI1, ChatGPT’s high-volume, cross-theme generation offers substantial scala-
bility in early ethical analysis. In our study, ChatGPT generated 620 ERs com-
pared to 249 from human researchers, ensuring broad initial coverage across 
ECCOLA themes. This r educes the risk of overlooking important ethical con-
siderations, particularly in complex AI systems, and accelerates brainstorming
in Agile environments [38]. By rapidly simulating stakeholder perspectives and 
mapping potential impacts, AI can enable teams to devote more human resources
to refining and contextualizing ERs rather than starting from scratch [39]. 

Complementary Strengths and Actionability (PI3): PI3 highlighted a lay-
ered focus divergence that creates productive synergy. ChatGPT concentrated 
on story-level ERs—concrete, actionable items aligned with Agile’s specificity— 
while human researchers contributed more theme-level ERs, focusing on strate-
gic and value-driven considerations. This combination bridges the gap between 
abstract ethical principles and operational system requirements. AI accelerates
the production of actionable items, while human oversight ensures alignment
with overarching ethical intent [40]. 

Dynamic and Adaptive Refinement (PI4, PI5): The iterative nature of 
Agile cycles, emphasized in PI4 and PI5, proved critical for adapting ethical 
frameworks in real time. Through successive feedback loops and iterative prompt 
adjustments, both AI- and human-generated ERs were refined for greater adapt-
ability, precision, and contextual relevance. This continuous refinement trans-
forms static frameworks into dynamic, evolving tools. A I’s speed enables quick
updates in response to feedback, while human oversight ensures these adjust-
ments remain ethically sound and contextually appropriate [41]. 

5.2 The Challenges of Human-AI Collaboration in ERS 
Development 

Despite its benefits, our analysis uncovered persistent challenges that must be 
addressed to fully harness Human–AI synergy in RE.

Struggles with Contextual Nuance (PI2, PI5): As observed in PI2 and PI5, 
ChatGPT often lacked the contextual nuance needed for subtle ethical distinc-
tions. For example, in PI2, the Stakeholder Analysis theme was underrepresented 
and occasionally misin terpreted, with the ECCOLA card treated as a principle
rather than a contextual analysis tool [22]. This gap underscores AI’s limitations 
in translating framework guidance into real-world applications without targeted 
human intervention.

Risk of Blind Spots and Oversimplification (PI2, PI4): PI2 revealed a 
shared blind spot: both human and AI outputs underemphasized stakeholder 
inclusivity. Additionally, PI4 noted that iterative refinement—while beneficial— 
can lead to overfitting to a specific use case, risking oversimplification of broader 
ethical concepts and t he erosion of nuance. Robust human oversight is therefore
essential to prevent ethical debt and ensure generalizability [42].
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Resource Strain from Oversight (PI1, PI5): While AI accelerates ER gen-
eration (PI1), the large volume of outputs requires careful human review to filter 
irrelevant or “hallucinated” requirements (PI5). This oversight involves active 
re-prompting, detailed contextual analysis, and strategic refinement, which can 
strain resources in development teams. Balancing AI-driven efficiency with the
necessary depth of human oversight remains a practical challenge.

Implications for Agile Requirements Engineering: Our findings show a 
dynamic approach to embedding ethics in Agile RE by combining the ERS frame-
work with Human–AI collaboration. The ERS decomposes high-level ethical 
requirements into actionable Stories linked to Epics, while human–AI workflows 
enable rapid ideation and nuanced refinement. This p rocess translates abstract
ethical values into concrete, adaptable requirements that evolve with technical
development cycles [41]. 

Limitations: This study offers initial insights but has limitations. Internal 
validity is influenced by reliance on predefined themes and frequency analy-
sis, which may miss nuance; qualitative coding and consensus discussions helped 
mitigate this. Researcher subjectivity and AI bias introduced variability, though 
transparency was supported by documenting researcher backgrounds. The single-
use case limited diversity but allowed in-depth exploration, with findings aligned 
against established frameworks. External validity is constrained by the scope 
and use of a single ChatGPT v ersion, though the interaction method is transfer-
able. Limited Agile iterations restricted longitudinal observation, and the use of
ECCOLA and prompting strategies shaped the results. Future work will explore
multiple use cases, longitudinal settings, varied domains, and analysis of the ERs
in the ERS [43–45]. 

5.3 Conclusion 

This study applied a DSRM approach and Human–AI collaboration to gener-
ate the ERS for embedding ethics into Agile RE using a fitness app use case. 
Five key insights emerged: (1) AI generated broader, higher-volume ERs, while 
humans focused more deeply; (2) both emphasized Privacy & Data and Com-
munication, but underrepresented Stakeholder Analysis; (3) AI leaned toward 
concrete Story-level ERs, humans toward abstract Themes; (4) Agile iterations 
supported ongoing refinement; and (5) combining AI scalability with human 
judgment improved clarity and nuance. Together, these findings show how the 
ERS dynamically operationalizes ethics—AI brings breadth, while humans pro-
vide ethical depth. This work sets the foundation for adapting the ERS across
domains and Agile AI contexts.
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