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As Large Language Models (LLMs) based solutions such as GitHub Copilot, Amazon Code-
Whisperer, Rubberduck (ChatGPT based) become widely used in software development, ques-
tions remain about how these tools can support ethical and regulatory compliance. While existing
Al ethics guidelines outline high-level principles such as fairness, transparency, and accountabil-
ity, developers lack tools that operationalize these during day-to-day coding tasks. This thesis
introduces Agents4EthicalSE, a multi-agent Retrieval-Augmented Generation (RAG) framework
that assists developers in generating ethically grounded code aligned with the EU Al Act, AlHLEG
guidelines, and other relevant regulatory documents.

The framework is designed as a practical alternative to baseline code generation workflows.
In a typical setup, tools like Copilot produce outputs without referencing legal or ethical con-
straints. In contrast, Agents4EthicalSE consists of specialized agents—such as a RiskGuard and
an Al Ethicist—that engage in structured multi-round interactions. The Al Ethicist uses RAG to
retrieve relevant content from regulatory texts and guidelines, enabling real-time critique and re-
finement of code suggestions. Developers can review these outputs and iterate with agent feed-
back to address ethical risks or non-compliance concerns.

We evaluated the system through a workshop-based study involving 82 Al practitioners and
developers. Participants were asked to simulate development tasks using both Agents4EthicalSE
and a baseline LLM. The tasks were derived from real-world Al failures documented in the Al
Incident Database, reframed as project descriptions across different risk categories defined by
the EU Al Act. Survey results showed that Agents4EthicalSE helped participants better identify
ethically sensitive components, interpret compliance requirements, and reflect on ethical trade-
offs during code generation. Feedback also pointed to areas for improvement, such as citation
clarity and interface responsiveness.

These results suggest that multi-agent RAG frameworks can provide developers with more
interpretable and regulation-aware coding assistance compared to standard LLMs. This work
contributes a step toward integrating ethical reasoning into software engineering workflows
through structured, document-informed interactions.

Keywords: Al Ethics, Multi-Agent Systems, Retrieval-Augmented Generation (RAG), Large
Language Models (LLM), Responsible Al, AI4SE.
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USE OF Al IN THESIS

| have utilised Al tools in my thesis:

O No
Yes

The Al tools utilised in my thesis and their purposes are described below:

Names and versions of Al tools:

1.

Quadratic — for data analysis and visualization
ChatGPT - for brainstorming, drafting, and refining text

OpenAl Assistants APl — for building and coordinating specialized agents in the
Agents4EthicalSE framework

OpenAl Vector Store — for implementing document retrieval in the RAG pipeline

GPT-40 model — as the core large language model (LLM) powering agent responses and
code generation in the experimental tool

Purpose of using Al tools: Al tools were used to support both the research process and the
tool development.

Quadratic was used to analyze and visualize participant responses in the evaluation
study.

ChatGPT assisted in brainstorming ethical scenarios, refining technical descriptions, and
structuring content (especially during literature synthesis and prompt design).

The OpenAl Assistants APl enabled the creation of multi-agent conversations with pre-
defined roles (e.g., RiskGuard, Al Ethicist) and structured dialogue.

OpenAl Vector Store was employed in indexing regulatory documents (e.g., EU Al Act)
and enabling RAG-based retrieval.

GPT-40 served as the LLM engine in the Agents4EthicalSE prototype, producing re-
sponses, generating Python code, and grounding recommendations in retrieved content.

Sections where Al tools were used:

Section 3.3.3 (Technology Stack and Implementation) — for integrating GPT-40, As-
sistants API, and Vector Store

Section 4 (Evaluation and Results) — for analyzing workshop survey data using Quad-
ratic.

Sections 1 and 2 — for drafting and refining conceptual discussions using ChatGPT.
Appendices - for processing and organizing references and literature mapping.

| acknowledge that | am fully responsible for the entire content of my thesis, including the parts
generated by Al, and accept accountability for any violations of ethical standards in publica-
tions.


https://app.quadratichq.com/
https://chatgpt.com/
https://platform.openai.com/docs/assistants/overview
https://platform.openai.com/docs/api-reference/vector-stores/object
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INTRODUCTION

1.1 Background and Motivation

Artificial intelligence (Al) systems are becoming common in software products and ser-
vices across various domains, from healthcare to finance. This advancement has height-
ened concerns about how to operationalize Al ethics in software development practice.
Over the past few years, numerous high-level Al ethics frameworks and principle-based
guidelines have been published by industry consortia, governments, and academia
[11[2]. In fact, by mid-2019 over 80 such ethics guides existed in the public domain [1].
These documents typically articulate principles that Al systems should uphold, for exam-
ple, fairness, transparency, accountability, and privacy. Initially, this principles-based
movement was seen as a defining step towards ensuring ethical Al development [3][4].
However, translating these abstract principles into concrete software design and
implementation practices has proven difficult. Even as ethical Al guidelines multi-
plied, real-world incidents of Al misuse or bias continued to emerge in areas like
healthcare, education, and law enforcement [4]. This paradox highlights the gap be-
tween “principles” and “practice” in Al ethics [4][5]. In other words, having ethical
principles on paper is necessary but far from sufficient for ensuring ethical outcomes in

software systems.

One major limitation of existing principles-based frameworks is their level of abstrac-
tion. Al ethics guidelines often remain high-level and lack actionable guidance for soft-
ware developers and engineers [4]. As a result, developers may agree with ethical values
in theory but struggle to apply them during day-to-day development tasks. This challenge
can lead to “ethics shopping” or “ethics washing”, where organizations selectively adopt
convenient guidelines or treat ethics as a PR checkbox without changing core practices
[2][4]. The result is that many Al products continue to exhibit issues like unfair bias or
lack of transparency despite the proliferation of ethical codes. This situation has caused
growing concern among researchers and practitioners about how to genuinely embed
ethical considerations into the software development lifecycle, rather than simply formu-

lating principles at a policy level [6].

From a software engineering perspective, operationalizing Al ethics means incorpo-
rating ethical requirements and checks into the same processes that govern functional
and business requirements. Recent studies indicate this integration is nascent at best.

For instance, Agbese et al. [7] interviewed software engineering executives and found
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that they primarily treated certain ethical concerns, such as privacy, merely as legal com-
pliance issues, with “no other consideration for ethical requirements identified” beyond
what the law mandates. In that study, apart from privacy and data protection (seen as
GDPR compliance), other ethical principles (like fairness, transparency, or societal well-
being) were absent from software project management practices. This finding under-
scores the limitations of current practice: practitioners require practical tools and
methodologies that do not demand deep expertise in philosophy and that fit naturally
into existing development workflows [8]. In summary, the motivation for this thesis stems
from a recognized need in both the Al ethics literature and software engineering com-
munity: to find effective ways of embedding ethical reasoning and compliance into
the software development lifecycle. The question is how to achieve this in practice,

given that purely principle-driven approaches have had limited impact.

Against this backdrop, emerging advances in Al technology itself may offer new oppor-
tunities to operationalize ethics. In particular, the evolution of powerful large language
models (LLMs) and their ability to function as conversational agents has opened possi-
bilities for ethical deliberation within software tools. Traditional software engineering re-
lies on human stakeholders (developers, ethicists, regulators) to discuss and enforce
ethical guidelines. However, Al agents can also assist or simulate parts of this process.
Multi-agent LLM systems — where multiple Al agents with separate roles communicate
with each other — have shown promise in tackling complex problems via deliberation and
diverse perspectives [9][10]. These agents can then engage in multi-round dialogues,
simulating a debate or collaborative design session. Early studies indicate that such sim-
ulated deliberation can improve reasoning and decision-making: for example, teams of
LLM agents have been found to reduce individual model biases by exchanging different
viewpoints, and to catch each other’s errors or hallucinations through feedback-based
dialogue [11][12]. Multi-agent discussions can also increase transparency, as the con-
versation between agents provides an explanatory trace of how a conclusion was
reached [10][13]. Recent work by Zeng et al. [14] provides a concrete example: they
developed AutoDefense, a multi-agent LLM framework that assigns separate roles to Al
agents (such as content generator and policy judge) to collaboratively filter out harmful
outputs from a model. This role-divided agent team was able to significantly improve the
model’s adherence to safety policies and resist malicious prompts. Such findings high-
light the potential of multi-agent LLM systems to achieve better ethical alignment
through internal deliberation and oversight, embedding a form of “ethical reflexivity” into

Al-driven tools.
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Another technological development informing this thesis is the technique of Retrieval-
Augmented Generation (RAG) for LLMs. RAG is a method whereby an LLM is not only
relying on its internal learned knowledge, but actively retrieves relevant external docu-
ments (such as databases, knowledge bases, or specific text corpora) to ground its out-
puts in up-to-date information [15]. This approach has been shown to improve the factual
accuracy and transparency of LLM responses, since the model can cite retrieved sources
and is less prone to hallucinating incorrect information [15]. In the context of Al ethics
and software development, live retrieval of ethical and legal documents offers a
promising way to keep an Al system’s decisions aligned with established norms. This
thesis is particularly motivated by the European Union Al Act and similar regulations,
which will require software organizations to adhere to specific requirements for transpar-
ency, risk management, and human oversight in Al systems. We envision that a RAG-
empowered multi-agent system could dynamically retrieve relevant portions of docu-
ments like the EU Al Act, ISO/IEC Al standards, or an organization’s own code of ethics,
and feed those into the agents’ discussion. In doing so, the Al agents’ deliberations are
not just guided by generic moral principles but are explicitly grounded in concrete

rules and definitions from authoritative sources.

In summary, the background to this thesis is characterized by a recognized shortfall in
current software development practices with respect to Al ethics, and the emergence of
new Al techniques that could address this gap. Traditional, principle-based ethics frame-
works provide important high-level goals but insufficient operational guidance, leaving
many teams unsure how to implement ethics day-to-day. This has motivated a search
for more practical frameworks and tools. Multi-agent LLM systems with role speciali-
zation offer a way to embed ethical reasoning within Al, mimicking the checks and bal-
ances of human deliberation, while RAG offers a means to ground those deliberations in
factual, up-to-date ethical standards and laws. These developments form the foundation
and motivation for the present research. The central question becomes: Can software
development adopt Al ethics by embedding these Al advancements? The next sections
formalize this inquiry by outlining the research problem, questions, objectives, and ap-

proach of this thesis.

1.2 Research Questions

Given the background above, the research problem addressed by this thesis can be
summarized as follows: Software engineering lacks effective mechanisms to ensure that
development of Al systems are ethically aligned in practice, beyond mere adherence to

abstract principles. This problem manifests as a disconnect between ethical intent and
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operational reality — developers and Al systems may unintentionally produce outcomes
that violate ethical norms or legal requirements because current development processes
do not systematically enforce those norms. The thesis posits that a solution framework
with multiple interacting Al agents and real-time information retrieval, could help bridge
this gap. We are investigating whether a Multi-Agent RAG framework can assist soft-
ware teams in adopting and enforcing Al ethics during development. The core prob-
lem decomposes into two facets: first, understanding how specific design features of a
multi-agent Al system contribute to ethical behavior; second, determining how such a

system can be used as a tool to align Al outputs with external standards.

To address this overall problem, the research is guided by two key research questions
(RQs):
RQ1 (Literature Synthesis): How do agent specialization, multi-round interactions,

structured prompts, and conversational protocols contribute to the ethical alignment of
outputs generated by a multi-agent LLM system?

Explanation: This question focuses on the design parameters of multi-agent LLM sys-
tems. It seeks to synthesize insights from existing research (through a systematic litera-
ture review (SLR)) about the impact of a range of factors on ethical alignment. Agent
specialization refers to giving agents distinct roles or expertise (e.g., one agent focused
on risk analysis, another on ethical adherence of output), which might enforce a diversity
of ethical perspectives. Multi-round interactions denote the iterative dialogue among
agents — for instance, does allowing agents to debate or refine answers over several
turns yield more ethically sound conclusions than a single-turn response? Likewise,
structured prompts and conversational protocols involve the way the dialogue is or-
chestrated — e.g., turn-taking rules, prompt templates or inner monologue that ensure
certain ethical checks (such as “Reply-Reflect-Critique-Code”). By answering RQ1, the
thesis aims to distill theoretical foundation about these design choices. This will identify
which mechanisms are most promising for steering a multi-agent system toward ethical
outputs (for example, prior work suggests structured discussion formats can improve

reasoning and reduce biased answers (Yin et al., 2023; Yang et al., 2024)).

RQ2 (Tool Development): In what ways can a Multi-Agent RAG framework assist in
aligning LLMs with established ethical standards and regulatory guidelines?

Explanation: This question is more applied and integrative. Building on the understand-

ing from RQ1, RQ2 asks how to design and implement a concrete framework with tool
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— “Agents4EthicalSE” — that uses multiple LLM agents plus retrieval capabilities to en-
sure compliance with ethics and regulations in practice. RQ2 is about operationalizing
the insights by creating an artifact (a software prototype) and evaluating its effectiveness.
Key phrases here are “established ethical standards and regulatory guidelines,” which
include documents like the EU Al Act, industry standards (e.g., ISO/IEC 24028 on Al

trustworthiness), and digital ethics charters. The question implies multiple dimensions:

o Framework design — How should the multi-agent system be structured (what
agents, what roles, what retrieval sources) to be useful for software developers

concerned with ethics?

o Assistance functionality — In what ways can such a system assist? For exam-
ple, can it act as an interactive ethics consultant, providing recommendations or
warnings during development? Can it serve as a compliance checker, automati-

cally flagging potential violations of laws?

¢ Alignment efficacy — Does incorporating a Multi-Agent RAG system measurably
improve the ethical alignment of an Al model's outputs compared to not using

such a system?

By addressing RQ2, the thesis will demonstrate the feasibility and benefits of the pro-
posed approach. It goes beyond theory to show how a tool could integrate into software
development and to observe its behavior. For instance, an envisioned scenario might
be: a developer asks an Al pair-programming assistant to implement a feature involving
user data; the Multi-Agent RAG system then intervenes by retrieving relevant privacy
regulations and having an “Ethicist Agent” and a “Python Developer Agent” discuss the
request, resulting in a recommendation that respects user consent requirements per the
GDPR. In short, RQ2 guides the creation and evaluation of a tangible solution that em-
bodies the findings of RQ1.

1.3 Objectives and Scope

Reflecting the research questions, the primary objective of this thesis is to explore and
demonstrate an approach for integrating Al ethics into software development via a Multi-
Agent RAG framework. This breaks down into three concrete objectives:

O1: Conduct systematic literature review (SLR) on ethical alignment mecha-
nisms in multi-agent LLMs.

The thesis will conduct a structured systematic literature review (SLR) to gather and
analyze prior research on multi-agent LLM systems, conversational Al alignment, and

related areas. The goal is to identify how features like agent role specialization, iterative
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multi-turn dialogues, structured prompting strategies, and defined interaction protocols
have been used (or could be used) to promote ethical outcomes. The outcome will be a
clear understanding of which design strategies are reported to mitigate issues such as
bias, toxic outputs, or rule violations in multi-agent settings (e.g., learning that having an
agent explicitly tasked with rule-enforcement can prevent policy breaches (Zeng et al.,
2024).

02: Design the framework and implement - Agents4EthicalSE

Using the insights from Objective 1, the thesis will design a multi-agent LLM framework
augmented with retrieval (RAG), tailored for the context of software engineering. A
significant objective is to implement a prototype of this framework — effectively building
a tool that can be used by developers in simulations or actual case studies. The design
will follow established principles from Al and software architecture and will explicitly in-
tegrate ethical sources into the agents’ decision loop via RAG. This objective addresses
the “how” aspect of RQ2, by creating the means through which a multi-agent system can

assist with alignment.

03: Evaluate the framework’s effectiveness in aligning Al outputs

A further objective is to evaluate the Agents4EthicalSE tool through empirical means
— a workshop survey, to see in what ways and how well it assists in understanding of
ethics by the developers and ethical alignment (the essence of RQ2). This involves eval-
uating the framework on scenarios or case studies derived from real Al Incidents Data-
base that pose ethical dilemmas. For example, one evaluation scenario might be a con-
tent filtering task: given a user prompt that could lead a normal LLM to produce disal-
lowed content, does the multi-agent framework successfully intervene and produce a
response consistent with ethical guidelines (as in the spirit of AutoDefense by Zeng et
al.)? Another scenario could involve compliance: checking if an Al component meets
criteria of the EU Al Act’s risk class definitions. The evaluation will be twofold — a quali-
tative assessment (examining the dialogues between agents to see if they reflect ethical
reasoning and proper use of retrieved information) and a quantitative assessment (meas-
uring outputs against benchmarks for harmful content, bias, or legal compliance). Achiev-
ing this objective will help determine the strengths and limitations of the proposed ap-

proach and provide lessons on its practicality in a real software engineering context.

The scope of this thesis (shown in Table [1]) is deliberately focused on the intersection
of software engineering, Al ethics, and Al agent systems. The following clarifications on

scope are important:



Table 1.

Scope of the Thesis

Thesis Focus

Intersection of software engineering, Al-
ethics, and Al agent systems

Primary Subject

Ethical alignment in software develop-
ment using LLM-based (text-generating) Al
systems

Modality Scope

Focus on text-generating Al (e.g., NLP
models, coding assistants); other modalities
(e.g., vision) mentioned only conceptually

Ethical Standards Used

European Union Al Act (EU Al Act),

High-Level Expert Group on Artificial In-
telligence (Al HLEG),

Charter Of Fundamental Rights of the
European Union,

European Declaration on Digital Rights
and Principles.

Normative Position

Framework does not create new ethical
principles; it enforces and operationalizes
existing standards

Ethical Issues Covered

Bias, non-discrimination, privacy, trans-
parency, accountability (as defined in the
above documents)

Methodology

Mixed approach:

(1) Systematic Literature Review (SLR)
for RQ1,

(2) Design Science for RQ2

SLR Scope (RQ1)

Peer-reviewed studies for defined
search string from databases like IEEE,
ACM, Scopus

Design Science (RQ2)

Based on Hevner ef al. [16] method: iter-
ative development and evaluation of an ar-
tifact

Artifact Name

Agents4EthicalSE

Artifact Nature

Research prototype (proof-of-concept);
not an industrial or productized system

Evaluation Environment

Controlled examples/simulations suffi-
cient to demonstrate principles and answer
RQs

Survey Participants

82 master’s students from programme in
Computer and Data Sciences

Disciplinary Breadth

Interdisciplinary: combining computer
science (Al, SE) with ethics and regulatory
studies

Philosophical Depth

Does not engage in deep philosophical
ethics; uses pragmatic “ethics-by-design”
and risk management approaches

Legal Theory Depth

Does not perform legal theory analysis;
treats regulatory documents as fixed con-
straints

Accessibility Strategy

Technical concepts and ethical/regula-
tory material will be explained clearly for
both technical and non-technical readers

By maintaining this focus and scope, the thesis ensures how software development
might adopt Al ethics through a multi-agent RAG approach, without being sidetracked

by issues beyond its domain. The deliverables will include the literature review findings,
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the designed framework and its documentation, and the results of the framework’s eval-

uation in aligning Al outputs with ethical expectations.

1.4 Contribution of the Thesis

This research aspires to make primarily three contributions to both academia and prac-

tice at the intersection of Al ethics and software engineering:

C1: Synthesis of literature bridging multi-agent systems and Al ethics

While there is growing literature on multi-agent LLM collaboration and on Al ethics im-
plementation tools, an integrated account is currently lacking. The thesis will contribute
by mapping out the design space of agent roles, interaction patterns, and prompting
techniques specifically in service of ethical Al. This contributes to knowledge by high-
lighting, for example, which structured multi-agent debate can yield more robust ethical
decision-making (Yang et al., 2024) or that incorporating an “ethics agent” role is a prom-
ising pattern to emulate. Such insights can inform future research and development of

Al systems that are “ethics-aware by design.”

C2: Empirical insights into multi-agent RAG efficacy for alignment:

Through the evaluation of RQ2, the thesis will offer empirical findings on how effective
and in what ways the multi-agent RAG approach contributes to ethical alignment. These
results will contribute evidence to the debate on Al alignment techniques. Notably, if
successful, it will show that role-playing agents plus retrieval can enforce complex nor-
mative constraints (such as those in the EU Al Act) more reliably than a standalone
model. It will also shed light on any limitations — for instance, the evaluation might reveal
scenarios where the framework struggled (such as very ambiguous ethical situations or

conflicts between principles).

C3: Interdisciplinary methodology for ethical Al in SE:

Indirectly, the thesis contributes a methodological template for tackling similar prob-
lems. By combining an SLR (from evidence-based software engineering) with a design
science artifact development (common in information systems research), it shows how
to rigorously go from identified theoretical gaps to a working solution, potentially aiding

others who build upon or refine this framework.

C4: Alignment with regulatory and industry needs

As a timely contribution, this work aligns with immediate needs of industry and policy-

makers as Al regulations tighten. The EU Al Act and similar regulatory frameworks are
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on the horizon of enforcement (European Parliament, 2024). Companies will need prac-

tical tools to ensure their Al systems comply with these rules. This thesis contributes by

preemptively exploring one such tool. The conceptual framework and results could in-

form compliance solutions in the software industry.

1.5 Structure of the Thesis

The remainder of this thesis is structured as follows:

Chapter 2 — Related Work: This chapter provides an overview of the theoretical
and practical foundations underpinning the thesis. It reviews relevant literature
on Al ethics frameworks, ethical software engineering practices, and the limita-

tions of current approaches (elaborating on topics introduced in the background).

Chapter 3 — Research Methodology: This chapter describes the research de-
sign and methods used to answer RQ1 and RQ2. It outlines the protocol for the
SLR, including how studies were selected, analyzed, and synthesized. It also de-
tails the design science research methodology adopted for developing and eval-
uating the Agents4EthicalSE tool (following guidance from design science litera-

ture such as Hevner et al., 2004).

Chapter 4 — Literature Review Results (RQ1): In this chapter, the findings from
the literature review are presented, directly addressing RQ1. It organizes the re-
sults around the key factors in the question: agent specialization, multi-round in-
teraction, structured prompting, and protocols. For each, it summarizes what the

surveyed literature says about its influence on ethical or aligned outcomes.

Chapter 5 — Design of the Multi-Agent RAG Framework (Agents4EthicalSE):
This chapter covers the conception and implementation of the proposed frame-
work, addressing RQ2 (the design aspect). It begins by specifying the require-
ments and design goals for the framework based on previous chapters (e.g., it
should allow role specialization, iterative debate, and incorporate external
knowledge sources). Then, it describes the system architecture — for instance,
the different agent types included, the retrieval mechanism, and how the agents
communicate (via a defined protocol). We will describe how we integrated
sources like the EU Al Act into the retrieval index, and how prompts were struc-
tured to guide the agents’ behavior (for example, the Ethicist agent is prompted
with specific instructions to quote relevant law sections when disagreeing with a
proposal). Implementation details, such as the LLM platform used (OpenAl GPT-

40, Assistant API), and how the agents were orchestrated (synchronously vs
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asynchronously, etc.), are documented. A running example is provided to illus-

trate the tool’s operation.

Chapter 6 — Evaluation and Discussion: This chapter evaluates the
Agents4EthicalSE framework in terms of its ability to assist ethical alignment dur-
ing software development. The evaluation is conducted through mixed-method
structured workshop survey of 82 master students. Participants were instructed
to retrieve real Al incident cases from the Al Incident Database, formulate project
descriptions, and assess responses generated by Agents4EthicalSE against a
standard Al code generator. Metrics evaluated include ethical reasoning, cover-
age of legal concerns, output usefulness, and explainability. The survey re-
sponses and conversation artifacts formed the empirical basis for the assess-

ment.

Chapter 7 — Threat to Validity: This chapter reflects on the internal, external,
construct, and conclusion validity of the research. It discusses potential biases in
literature selection (SLR), limitations of the tool evaluation (e.g., user experience
variation, limited number of prompts), and generalizability of findings. It also
acknowledges technological limitations (e.g., reliance on specific LLM versions,
retrieval latency), and suggests how these threats were mitigated or should be

addressed in future work.

Chapter 8 — Concluding Remarks: The concluding chapter revisits RQ1 and
RQ2 and state how each was addressed. The chapter will highlight the contribu-
tions again and it will discuss the implications of this work for researchers. (e.g.,
new research directions or hypotheses arising from our findings) and for practi-
tioners (e.g., how developers or organizations might begin to use Al agent assis-

tants for ethics). Finally, the thesis concludes with suggestions for future work.
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RELATED WORK

2.1 Al Ethics in Practice: From Principles to Engineering

Al ethics has become an important concern, leading to development of high-level frame-
works and principles intended to guide Al development. By 2019, at least 84 institutional
documents on Al ethics had been published, converging on common values such as
transparency, fairness, privacy, accountability, and safety [1][2]. Examples include the
EU’s Ethics Guidelines for Trustworthy Al (2019), the OECD Al Principles (2019), and
UNESCO'’s Al ethics recommendations (2021), all of which articulate similar broad ten-
ets. This global intersection on principles reflects widespread agreement on what ethical

Al should entail.

Critics argue that declaring ethical principles can even be counterproductive if not fol-
lowed by concrete measures. In response, governments are moving toward strict re-
quirements: for instance, the forthcoming EU Al Act will legally mandate risk manage-
ment, transparency, and human oversight for certain Al systems. Yet, preparing software
teams to comply with such regulations remains challenging in the absence of practical

tools.

2.2 Operationalizing Al Ethics in Software Engineering

Recognizing the need to move “from principles to practice,” researchers and practitioners
have proposed various methods to embed ethical considerations into the software de-
velopment lifecycle. Toolkits, checklists, and process guides have emerged to help
developers identify and mitigate ethical risks during requirements engineering, design,
and testing. For example, Vakkuri et al. [16] introduced ECCOLA, a method integrated
into agile sprints that provides developers with reflective questions and checklists to con-
sider ethical issues at each stage of development. By injecting ethics prompts into routine
sprint activities, ECCOLA attempts to make abstract principles more concrete and ac-
tionable for engineering teams. Similarly, Siqueira et al. developed the RE4AI Ethical
Guide, a set of 26 “ethics requirement” cards aligned with 11 Al ethics principles (e.g.,
fairness, privacy, accountability) [17]. This guide is used during requirements elicitation
to ensure teams proactively surface ethical requirements alongside functional require-
ments. These examples illustrate the broader trend of creating practical checklists and
frameworks that translate universal ethics tenets (like transparency or justice) into do-

main-specific questions, criteria, or test cases for software projects [8].



12

Other operational tools focus on specific ethical dimensions. For instance, there are
open-source toolkits for fairness auditing (e.g., IBM’s Al Fairness 360) and model inter-
pretability (e.g., LIME and SHAP). Documentation practices like Datasheets for Datasets
and Model Cards have also been proposed to instill greater transparency [18]. Organi-
zational process models—such as Microsoft’'s Responsible Al Standard or Google’s Al
Principles implementation guidelines—recommend governance structures like ethics re-
view boards. Yet, despite these tools, uptake remains inconsistent [19]. Developers often

report challenges of usability, relevance, and fit within agile workflows.

Preceding studies also highlight a lack of ethical training and unclear accountability struc-
tures as persistent barriers. Al code generation tools (e.g., GitHub Copilot) currently lack
built-in ethical safeguards, further compounding the problem. Hence, even as ethical
awareness rises, there remains a need for more seamless, embedded ethical guidance
throughout the software development pipeline. These shortcomings motivate exploring
innovative approaches, such as intelligent assistants that can actively guide ethical soft-

ware development in real time.

2.3 Multi-Agent LLM Systems and Ethical Deliberation

One promising direction for aligning Al outputs with ethical standards is the use of multi-
agent LLM systems — multiple language model “agents” interacting with each other to
critique, debate, and refine their responses. Recent research suggests that having LLMs
engage in internal deliberation can improve both the quality and alignment of their out-
puts. Yin et al. [9] proposed the Exchange-of-Thought (EoT) framework to structure
cross-model communication. Their empirical results on reasoning tasks demonstrate that

deliberation among diverse agents improves factual accuracy and consistency.

Chen et al. [10] introduced ReConcile, a round-table protocol in which diverse agents
engage in consensus-building dialogues. This method improves reasoning by allowing
agents to iteratively refine answers. Yang et al. [11] explored LLM voting mechanisms
and showed that consensus among Al agents often yields human-aligned decisions but

also risks over-conformity.

Multi-round interaction protocols further strengthen alignment through iteration. In a de-
bate framework, two or more LLM agents exchange arguments over multiple turns,
each critiquing or building upon the others’ statements. This iterative turn-taking has
been found to reduce hallucinations and improve reasoning correctness, as agents cor-
rect each other’s mistakes. Du et al. [12] proposed a multi-agent debate method, showing

that adversarial exchanges reduce hallucinations and improve truthfulness. Sun et al.
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[13] extended this line of work with Corex, a collaborative framework that blends debate,
review, and retrieval-based strategies. Together, these studies show that internal delib-
eration among specialized agents can enhance ethical reasoning. Similarly, diverse
multi-agent debates have been proposed to encourage exploring alternative reasoning

paths, breaking the “fixed mental set” of a single model’s thinking [20].

2.4 Agent Specialization and Structured Prompting

A critical design factor in multi-agent LLM systems is how the behavior of each agent is
constrained or guided — in other words, prompt engineering and role specification.
Structured prompting involves crafting the inputs to each LLM (the “system prompts”)
such that the model adopts a clear persona or follows a defined format in its responses.
Reynolds and McDonell [21] showed that prompting GPT-3 as an “Al safety analyst” led
to more aligned responses. Similarly, Bai et al. [22] demonstrated an approach where an
LLM was guided by an explicit “constitution” of principles during its response generation,
resulting in outputs that avoided toxic or biased content without the need for explicit hu-
man feedback at each turn. Chen et al. [10] and Du et al. [12] implemented multi-round
interaction protocols with defined roles and observed better judgment consistency. In

these systems, agents cross-examine each other’s responses using structured critiques.

Beyond roles, the structure of prompts and interactions is crucial. Techniques like Chain-
of-Thought prompting and Reflective Decoding exemplify how structuring the reason-
ing process can yield better results. Chain-of-Thought prompting encourages an LLM to
break down its solution into a step-by-step reasoning chain (often by instructing it to
“think step by step”), which has been shown to reduce reasoning errors and increase
transparency of the model’s logic. Reflective Decoding goes a step further by having the
model generate an initial answer, then critique its own answer, and finally produce a

revised answer.

These findings suggest that structured prompts and protocol design play a vital role in
facilitating multi-agent oversight. This is especially relevant in ethical decision-making,

where distinct perspectives must be represented and negotiated.

2.5 Retrieval-Augmented Generation for Regulatory Alignment

As illustrated in Fig [1] RAG systems combine a generative model with a retrieval mech-
anism: the model can query a knowledge base (documents, databases, websites) and
incorporate the retrieved information into its responses. This approach effectively gives

the LLM an open-book exam, allowing it to draw on up-to-date and authoritative sources



14

rather than relying solely on its static trained knowledge. Lewis et al. [15] showed that
augmenting a model with a Wikipedia lookup significantly boosted performance on
knowledge-intensive QA tasks improving factual accuracy. In the context of ethics, RAG
systems can fetch established ethical standards and regulatory guidelines (e.g., EU

Al Act) and inject them into prompts to guide compliant outputs.

P
|
wactor Reprassntztions
ector Repressntations I User Query converted into
Infarmation converled inta | Embeddings
Embeddings |
|
|

< Al

|
|
|
| |
l |
: |
Damain Spacific Information By | ey
Exiernal POF data sources | ' . | I - ' ' User Prom,
—* ..= = -1 : | Retrieves relevant information in I : ..= =l ’ |"wmuwp:mbd by the wsar
l | | addition to the User Prompt | |
|
| | |
. . | .
iector Databiaes l I Retrieval Mechanism | | Data Querlng
Slorage for Veclor I | |
‘ Embeddings | )
v |
S —

Data Chunks
Manageable and meaningful
pieces of inforrmation

Data Processing

Figure 1. Retrieval-Augmented Generation (RAG) Mechanism.

For example, AutoDefense used a multi-agent framework to filter harmful content
through role-specific LLMs—one for intent detection, another for policy judgment [14].
Sun et al. [13] employed retrieval to reinforce agent deliberation. These efforts reveal the
potential of combining RAG with multi-agent systems to ensure ethical alignment and

regulatory adherence.

2.6 Summary and Implications for This Thesis

Across the literature, we observe key trends: the limitations of principle-based ethics, the
partial success of operational checklists, and the promise of multi-agent deliberation.
Yet, most prior work treats RAG, prompt structuring, and agent specialization as isolated
strategies. This thesis brings these threads together by proposing a Multi-Agent RAG
framework — Agents4EthicalSE — to align LLM behavior with both ethical and regula-
tory standards.
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METHODOLOGY

3.1 Research Design Overview

This thesis adopts a mixed-methods approach to address its two core research ques-
tions. The first question (RQ1) investigates how specific design elements—such as agent
specialization, multi-round interactions, structured prompts, and conversational proto-
cols—contribute to the ethical alignment of outputs generated by multi-agent LLM sys-
tems. To address this, a Systematic Literature Review (SLR) was conducted, following
established guidelines for evidence-based software engineering [23]. The second ques-
tion (RQ2) explores the feasibility and effectiveness of using a multi-agent, retrieval-aug-
mented generation (RAG) framework to assist in aligning LLM-generated outputs with
existing ethical standards and regulatory requirements. For this purpose, a design sci-
ence methodology as highlighted in Fig [2] was employed [24], guiding the development

and implementation of the proposed framework—Agents4EthicalSE.
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Figure 2. Design Science Research Methodology Process Model. Adapted from
Peffers et al. [25].

By combining a rigorous synthesis of existing research with the construction of a func-
tional prototype, the methodology aims to bridge theoretical understanding with practical
contribution. The SLR component establishes a grounded understanding of what consti-
tutes ethical alignment in multi-agent LLM systems, while the design component demon-
strates how those insights can be operationalized through an Al-powered tool for ethical
software development. This dual-track approach is consistent with recent research ad-
vocating for the integration of knowledge synthesis and artifact creation in Al ethics and

responsible Al tool design [6][19].
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The following sections describe in detail the methodological procedures followed in both

the literature review and the design of the multi-agent RAG framework.

3.2 RQ1 - Systematic Literature Review (SLR)

3.2.1 Purpose and Scope

The primary objective of the systematic literature review (SLR) was to explore how de-
sigh mechanisms within multi-agent LLM systems contribute to the ethical alignment of
Al-generated outputs. This review focuses on four specific dimensions identified in con-

temporary Al ethics and multi-agent system research:

1. agent role specialization,
2. multi-round or iterative interaction,
3. structured prompting and instruction engineering, and
4. the use of conversational protocols for dialogue governance.
These aspects are hypothesized to influence how well such systems align with ethical

principles, regulatory standards, or organizational guidelines.
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Figure 3. Systematic Literature Review (SLR) Process

The findings from the SLR process as depicted in Fig [3] informed the subsequent design
choices for the Agents4EthicalSE framework, ensuring that the proposed solution is an-

chored in established design patterns and empirical evidence.

3.2.2 Review Protocol

The review protocol followed the procedures outlined by Kitchenham and Charters [1],
ensuring transparency, repeatability, and rigor throughout the systematic review pro-
cess. The protocol consisted of five core components: inclusion and exclusion criteria,

selection of databases, formulation of search strings, definition of the period, and screen-
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ing and quality assessment as shown in Table [2]. Each article was independently re-
viewed using these criteria and documented in an SLR log sheet (see Appendix A for
the access link [1]).

Table 2. Overview of Review Protocol for SLR

1. Goal

RQ1 How do agent speciali-
zation, multi-round interac-
tions, structured prompts,
and conversational proto-
cols contribute to the ethi-
cal alignment of outputs
generated by a multi-
agent LLM system?

2. Protocol

2.1 identification of in- 2.1.1 Inclusions Criteria

clusion/exclusion criteria Time frame Publications from 2018

onward (post-LLM emer-
gence era, e.g., BERT,
GPT-2 onwards).

Language English-language
publications.
Document type Peer-reviewed journal

articles, conference pa-
pers, systematic reviews.
Domain relevance Focus on multi-agent
systems, LLMs, agent-
based architecture, prompt
engineering, or ethics in
Al

Topical relevance Studies must discuss
agent specialization, multi-
round/iterative interac-
tions, structured prompts,
or conversational proto-
cols in relation to LLMs or
generative Al.

Ethical focus Must address ethical
alignment, value align-
ment, responsible Al, bias
mitigation, or trustworthi-
ness of model outputs.
Application context It can include theoreti-
cal, architectural, experi-
mental, or use-case imple-
mentations.

2.2.2 Exclusion Criteria
Non-LLM focus Studies on classical
multi-agent systems (e.g.,
swarm robotics, game-the-
oretic MAS) without LLM
or generative Al rele-
vance.
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Non-ethical focus

Papers only address
performance, latency, or
optimization without men-
tion of ethical implications.

No agent interaction

Studies that do not in-
volve agent collaboration,
dialogue, or prompt design
elements.

Gray literature

Blogs, informal essays,
white papers without aca-
demic rigor (unless they
are highly cited preprints).

Low quality/short pa-
pers/non-peer-reviewed
papers

Abstract-only papers,
workshop summaries with-
out full methodology or
evaluation, roadmaps, vi-
sion paper.

Language

Non-English
publications.

2.2 selection of data-
bases

IEEE

ACM Digital Library
(ACM DL)

Scopus

2.3 formulation of
search strings

("LLM" OR "large language model” OR "foundation
model” OR "generative Al" OR "gen-Al")

AND

("ethic*" OR "responsible Al" OR "Al alignment” OR
"value alignment” OR "goal alignment")

AND

("multi-agent*" OR "agent-based*" OR "Al agent” OR

"collaborative agent”

OR "agent specialization” OR "specialized agent” OR
"role-based agent” OR "agent role” OR "task-specific

agent”

OR "multi-round interaction"” OR "multi-turn interac-
tion" OR "iterative prompt” OR "agent dialogue” OR

"agent coordination”

OR "structured prompt” OR "prompt engineering” OR
"system prompt" OR "instruction prompt”

OR "conversational protocol” OR "communication
protocol” OR "interaction design" OR "dialogue frame-

work”")

2.4 definition of the
time frame

2018 - 2025

2.5 screening and qual-
ity assessment

3.2.3 Data Extraction and Synthesis

To enable meaningful mapping between the literature and the 4 design dimensions spec-

ified in RQ1, a systematic coding strategy was employed. Each included study was man-
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ually reviewed and coded against a set of keywords and conceptual indicators repre-
senting the 4 dimensions: agent specialization, multi-round interaction, structured
prompting, and conversational protocols. This was done using a qualitative content anal-
ysis method, where descriptive codes were derived from both theory and recurring lan-
guage patterns found in the abstracts, author keywords, inclusion rationales, and—
where necessary—the full methodology sections of the papers. While abstracts and
metadata provided initial coding cues, in all cases where classification was ambiguous
or nuanced, the methods and results sections were consulted to ensure accurate dimen-
sion mapping. This helped guard against misclassification and strengthened the validity
of the analysis, especially for features like agent interaction protocols or role assignment

mechanisms that may not be fully described in abstracts.

e For agent specialization, indicators included explicit reference to agents being

” ”

assigned unique roles or personas (e.g., “safety monitor,” “planner,” “devil’s ad-
vocate”), role-based decision structures, or division of responsibilities among

agents.

¢ For multi-round interactions, papers were tagged if they described iterative de-
cision-making, multiple turns of interaction between agents, or feedback refine-

ment protocols.

e For structured prompts, coding focused on whether prompt engineering, tem-

plate design, or instruction tuning was central to the method.

e For conversational protocols, relevant indicators included the use of rule-based
turn-taking, dialogue control strategies, meta-conversational norms, or system-

governed agent exchanges.

The coding was operationalized against the four design categories with supporting text
fragments. These mappings were then validated using inter-keyword agreement heuris-
tics and frequency filtering. The frequency counts of each mapped dimension helped
quantify research density across the four design areas and formed the basis for the the-

matic synthesis that follows in the next section.

Once eligible studies were selected, relevant information was extracted to map each
paper’s contribution to one or more of the four core design features: agent specialization,
multi-round interactions, structured prompting, and conversational protocols (see Appen-
dix A for the access link [2]).

For each article, metadata such as publication venue, year, study type (empirical, con-

ceptual, technical), and model used (e.g., GPT-3, Llama) were recorded. In addition,
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qualitative data were extracted regarding how ethical alignment was conceptualized and
measured, the role of agent interaction in producing ethical outputs, and the specific

prompt engineering techniques employed.

A thematic synthesis approach was used to analyze the data, allowing concepts and
strategies from individual studies to be grouped into emergent themes. Thematic syn-
thesis is especially suitable for reviews that aim to interpret diverse forms of knowledge
(e.g., design proposals, empirical results, conceptual frameworks) and to draw connec-
tions between them [26]. The themes were iteratively refined and categorized into higher-
order codes representing patterns of agent collaboration and ethical guidance mecha-
nisms. This synthesis facilitated the identification of common design patterns, trade-offs,

and unresolved tensions in literature.

The results of this analysis directly inform the architecture and features of the proposed

Agents4EthicalSE framework described in section 3.3.

3.2.4 Results

From a total of 174 peer-reviewed studies after the screening process (as shown in Fig
[4]) that began with an initial pool of 323 articles identified across three academic data-
bases: IEEE Xplore, ACM Digital Library, and Scopus, four major themes directly
aligned with the design features outlined in RQ1. These dimensions were supported by

a diverse set of empirical and conceptual works.
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Figure 4. Literature Screening Results from Databases

e Conversational Protocols (165 studies): All selected studies incorporated

some form of protocol-guided interaction among LLM agents or between agents
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and users. For instance, Yin et al. [27] proposed MDD-5k, a dataset synthesized
through dialogue-driven neuro-symbolic agents, while Silva et al. [28] and Bandi
et al. [29] introduced conversational governance layers to enforce ethical compli-
ance in therapeutic and healthcare applications. Two studies also addressed ad-
versarial robustness via protocol coordination (Chao et al. [30]) and examined

system transparency through modular conversational agents (Yu et al. [31]).

o Structured Prompts (124 studies): A large body of work analyzed prompt en-
gineering as a technique for steering LLM behavior. For example, Lynch et al.
[32] evaluated how prompt templates affect sentiment in narrative generation,
while Lim and Schmalzle [33] used empirical studies to assess prompt impact on
message quality in health contexts. Frameworks like Reflexive Prompting (Djeffal
[34]) and domain-specific designs (Ariely et al. [35]) show how instruction struc-
ture can constrain LLM responses toward normative objectives. These ap-
proaches validate the importance of structured prompting for embedding ethical

safeguards in LLM workflows.

¢ Agent Specialization (23 studies): While less frequent, impactful studies em-
phasized the benefits of assigning differentiated roles to agents. Weng et al. [36]
studied conformity behavior across specialized agents, while Xu et al. [37] devel-
oped a multi-objective framework for mitigating social bias via task-specific roles.
Vaccaro Jr. et al. [38] explored agentic personalization of STEM texts using des-
ignated tutoring and editing personas. The collected findings suggest that role

heterogeneity enhances deliberative quality and traceability.

¢ Multi-Round Interactions (19 studies): Studies in this category illustrated the
iterative enhancement of reasoning through feedback and dialogue cycles. For
instance, Sakaguchi et al. [39] compared human and Al-based thematic analysis
over multiple refinement rounds, while Liu et al. [40] demonstrated how LLM de-
bates and feedback mechanisms reduce hallucinations and improve factual con-
sistency. These works emulate human review boards and underscore how tem-

poral sequencing of interaction contributes to alignment.

Collectively, these results indicate that conversational and prompt-based mechanisms
are now standard practice in alignment research, while agent specialization and iterative

coordination remain fertile ground for innovation.
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3.3 RQ2 - Design and Development of the
Multi-Agent RAG Framework: Agents4EthicalSE

3.3.1 Design Goals and Rationale

The core purpose of the Agents4EthicalSE framework is to support software developers
in aligning their code artifacts with Al ethics principles and regulatory standards, partic-
ularly the EU Al Act, by embedding structured, document-aware guidance into LLM-
assisted development workflows. Unlike generic Al coding assistants (e.g., GitHub Co-
pilot, ChatGPT), which offer productivity gains but lack regulatory grounding,
Agents4EthicalSE operationalizes ethical guidance by combining multi-agent coordi-
nation, retrieval-augmented generation (RAG), and structured conversational pro-

tocols.

This design is grounded in prior research emphasizing the value of agent specialization
[36], document-grounded generation [15], and conversational protocols [28] for
aligning LLM outputs with human values. For example, Zeng et al. [36] and Vaccaro et
al. [38] demonstrate that assigning domain-specific roles to LLM agents leads to more
robust outcomes in tutoring and system design tasks. Meanwhile, Lewis et al. [15] high-
lights how RAG significantly improves factual grounding in generative models. Further-
more, Morley et al. [4] stress the need to operationalize Al ethics principles through prac-

tical toolkits that bridge abstract guidelines and software artifacts.

Its design is also informed by prompt engineering strategies shown to increase ethical
sensitivity and controllability of LLM outputs (Lynch et al. [32]; Djeffal [34]; Goloujeh et
al. [41]) and by research emphasizing the impact of multi-turn, role-specific dialogues for
reflective and responsible generation (Silva et al. [28]; Bearman & Ajjawi [42]; Liu et al.
[40]).

3.3.2 Framework Architecture

This section outlines the key components, explaining their roles in facilitating ethical Al
development. Each component of Agents4EthicalSE framework as shown in Fig [5], from
the initial risk assessment to the conversation structure and iterative rounds, is designed
as an alignment technique to ground the LLM response with current ethical standards

and enhance trust in Al driven outputs.
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Figure 5. Theoretical Framework for Multi-Agent RAG Framework.
1) Input Guardrail Layer:

The framework includes an Input Guardrail Layer as the first stage of the process,
where a dedicated RiskGuard Agent categorizes the project’s ethical risk based on the
EU Al Act’s 4 risk levels for Al systems: Unacceptable Risk, High Risk, Limited Risk, and
Minimal Risk as shown in Fig [6]. This figure presents examples of Al module descrip-
tions provided to the system, along with the RiskGuard Agent’s response by categorizing

each module under a specific risk level and providing justifications for its classification.
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identifying individuals and analyzing behaviors without | to occur, affecting individuals' rights to privacy and due
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Risk Guard Assesment

Develop a content moderation tool that helps identify
and flag potentially harmful content on social media,

isting human without it
removing posts.
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without ing p: l user data.

Risk Guard Assesment

Figure 6. Risk Level Assessment by RiskGuard Agent

This initial layer acts as a safeguard to ensure that modules with a high or unacceptable
risk level are identified early. If a module is evaluated as “Unacceptable Risk”, the system
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does not provide code for implementation and prompts the user for a detailed ethical
review by Al Ethicist. For modules classified under other risk levels, the process pro-
ceeds as usual. This approach reflects recent research advocating for early-stage risk
assessment in Al systems [8][16], which helps developers address ethical concerns pro-
actively, minimizing the likelihood of ethical and regulatory conflicts later in the develop-

ment cycle.

2) Agent Roles and Specialization:

The framework includes pre-defined and user-extensible agents with specialized roles,

each guided by a tailored prompt as highlighted in Program [1] and function:

o RiskGuard classifies ethical risk based on Al risk classifications defined by the
EU Al Act.

e Al Ethicist A key component in the Agents4EthicalSE framework is the Al Ethi-
cist agent, who serves as the final checkpoint in the conversation. This agent has
access to external resources, including the EU Al Act, Al HLEG guidelines, and
other relevant regulatory documents through the RAG system. The Al Ethicist’s
role is to assess the ethical implications of each output, ensuring alignment with
legal standards and addressing specific ethical principles, such as non-discrimi-

nation and fairness.

Additional agents, such as python developers, domain validators or accessibility review-
ers, can be created based on user needs. Role specialization ensures epistemic diver-
sity, a feature shown to improve ethical coverage and depth in multi-agent reasoning
tasks [36][37].

ASSISTANT_INSTRUCTIONS = """
2 You are an AI risk assessment agent tasked with evaluating AI sys-
tems for compliance with the European Union's AI Act. Your primary
4 responsibility is to determine whether a given module description for
an AI system falls under the **"Unacceptable Risk"**, **"High Risk"**,
6 **"Limited Risk"**, or **"Minimal Risk"** categories based on its
specifications and potential impact on individuals and society.

##t# Step 1: **Review the module specifications** and identify the
10 **primary purpose, intended use, and target users**.

### Step 2: **Determine the context** in which the system will
12 operate (e.g., law enforcement, education, employment, public spaces).

### Step 3: Evaluate if the system meets **any** of the following
14 criteria:

{}
16 {}

{}
18 {}
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### Output Format:
Only respond using the following structured format:

{{ "Category": "<Insert one of the following categories: ‘'Unac-
ceptable Risk', 'High Risk', 'Limited Risk', 'Minimal Risk'>", "Jus-
tification": "<Provide a justification for the selected category, ref-
erencing the European Union's AI Act and explaining the relevant cri-
teria>" }}

#### Allowed Categories:

1. **"Unacceptable Risk"**: This project is prohibited under the EU
AI Act due to its potential to cause significant harm or infringe on
fundamental rights.

2. **"High Risk"**: This project must comply with stringent safety
and compliance requirements under the EU AI Act.

3. **"Limited Risk"**: This project has specific transparency ob-
ligations but does not require stringent compliance measures.

4, **"Minimal Risk"**: This project does not require specific com-
pliance measures under the EU AI Act.

### Instructions:

- Select only **one** category from the list above.

- Fill the ""Category"® field with the exact category name (e.g.,
“"High Risk"™).

- In the ""Justification" field, provide a concise justification
for your decision. Reference the relevant sections of the **EU AI
Act** to support your assessment.

- Use formal language and ensure the output adheres to the specified
structure.

### Example Output:

{{ "Category": "High Risk", "Justification": "This project involves
the use of biometric surveillance, which is classified under the EU
AI Act as a high-risk application requiring strict compliance and
safety measures to protect fundamental rights." }}

""", format (UNACCEPTABLE_RISK_CRITERIA, HIGH_RISK_CRITERIA, LIM-
ITED_RISK_CRITERIA, MINIMAL_RISK_CRITERIA)

Program 1. System Prompt Template provided to RiskGuard Agent.

3) Dialogue Protocol and Multi-Round Interaction

The conversation follows a fixed four-phase sequence:

—_—

B

Reply — Agents respond to a project description or code snippet.
Reflect — They critique each other’s input from their disciplinary lens.
Code — The agents update code with feedback incorporated.

Critique — The Al Ethicist evaluate ethical and legal compliance.
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Table [3] outlines this protocol clearly. This dialogue structure draws from literature on

chain-of-thought prompting [21], reflective prompting [35], and deliberative scaf-

folding in multi-agent LLMs [29][43]. Multi-round conversations allow for ethical rea-

soning to unfold over iterations, supporting value alignment and reducing hallucina-

tions.
Table 3. Conversation Structure of Agents
Phase Description For Example: For Example:
Python Developer Al Ethicists

Reply In this initial Coding best prac- Ethical consider-
phase, each agent | tices for a python de- | ations for the Al Ethi-
responds to the con- | veloper. cist.
tributions of other
agents, addressing
relevant points and
clarifying any as-
pects that align with
their particular ex-
pertise. This ensures
that all insights are
contextualized within
the specific agent’s
domain.

Reflection Agents then re- A developer The Al Ethicist
flect on the conver- | might consider the | evaluates ethical im-
sation  considering | technical feasibility | plications based on
their role. This phase | and optimization of | regulatory guidelines
allows agents to in- | the proposed code. and ethical princi-
corporate their spe- ples.
cialized knowledge
into the development
process actively.

Code If required, the For technical For the Al Ethi-
agents provide code | agents like the Py- | cist, this phase could
examples that inte- | thon developer, this | involve suggesting
grate their reflections | phase might involve | modifications to the
into the development | drafting or optimizing | code that enhance
process. code to meet quality | compliance with ethi-

standards. cal standards, ensur-
ing that the system
maintains a balance
between functionality
and ethics.

Critique In the final phase, The Python de- The Al Ethicist

each agent offers
constructive  feed-
back, focusing on the
aspects most rele-
vant to their exper-
tise. This step en-
courages agents to
highlight potential ar-
eas for improvement,
fostering a culture of
iterative refinement

veloper could ad-
dress coding ineffi-
ciencies or suggest
improvements.

might point out ethi-
cal risks or compli-
ance issues.
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and mutual account-
ability.

4) Retrieval Augmented Generation (RAG)

The RAG mechanism enables the Al Ethicist to retrieve context-specific excerpts from a
corpus of regulation documents inlcuding European Union Al Act, High-Level Expert
Group on Artificial Intelligence (Al HLEG), Charter Of Fundamental Rights Of The Euro-
pean Union, and European Declaration on Digital Rights and Principles.

This rapid search capability is invaluable for practitioners, allowing the framework to ef-
ficiently ground responses and code recommendations in current standards, a task that
would otherwise require extensive time and resources. For example, in a scenario eval-
uating a hiring Al module, the Al Ethicist cites risk-mitigation and transparency clauses
directly (see section 3.3.4). This grounding boosts developer confidence and regulatory

traceability.

3.3.3 Technology Stack and Implementation

Code Available: (see Appendix B).

LOGIC LAYER

Assistant AP DATA L AY E R

parameters [ Handles retrieval of regulatory docu-

Conversation ments and validation of Python code
history
GPT-40-mini File Search Tool
OpenAl Vector Store: Contains

semantic embeddings of legal
documents

Streamlit

Frontend
Alightweight. Pythan

Replies & critiques

VIEW LAYER

v

VIEW LAYER
RiskGuard

Code Interpreter Tool
- Enables agents to vallidate and
refine Python code outputs

Al Ethicist Optlonal
Agent Developer
Agent

Agent

Figure 7. System Architecture of Agents4EthicalSE Tool.

The system implementation (Fig [7]) uses OpenAl’s Assistant API, which powers the
multi-agent environment with GPT-40-mini as the underlying LLM for each agent. This
setup provides a flexible environment where each agent has access to the tools and
resources necessary to perform specialized tasks and ensures the system produces both
technically sound and ethically aligned outputs. For example, each agent in the system
has access to the OpenAl’s Code Interpreter tool for Python, allowing it to handle code-
based tasks efficiently. The Al Ethicist agent is also equipped with OpenAl’s File Search

tool for RAG, enabling it to access a vector store containing key ethical guidelines and


https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX%3A32024R1689
https://www.europarl.europa.eu/cmsdata/196377/AI%20HLEG_Ethics%20Guidelines%20for%20Trustworthy%20AI.pdf
https://www.europarl.europa.eu/cmsdata/196377/AI%20HLEG_Ethics%20Guidelines%20for%20Trustworthy%20AI.pdf
https://eur-lex.europa.eu/legal-content/EN/TXT/PDF/?uri=CELEX:12012P/TXT
https://eur-lex.europa.eu/legal-content/EN/TXT/PDF/?uri=CELEX:12012P/TXT
https://digital-strategy.ec.europa.eu/en/library/european-declaration-digital-rights-and-principles
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regulatory documents. Integrating retrieval capabilities allowed the generative model to
produce contextually relevant, grounded responses, thus enhancing accuracy and re-

ducing the risk of outdated information.

1) Streamlit Frontend:

A lightweight, Python-based web interface was developed using Streamlit (Fig [8]). It
allows users to interact with the multi-agent system in real time—submitting project de-
scriptions, adding/deleting user agents, reviewing agents’ dialogues, inspecting retrieved
regulatory documents in a transparent and accessible layout and downloading the output

as a conversation text file. (see Appendix A for the access link [3]).

Agentis)

Al Ethicist

Agents4EthicalSE

Al Surveillance Predictive Policing

Add Agent

Select Number of Round(s)

1

Figure 8. Streamlit User Interface for Agents4EthicalSE.
2) Deployment Platform:

The full application stack was containerized and deployed using a cloud platform
(e.g.,CSC Server). This ensured remote access and ease of integration into distributed

development workflows.
3) Python Environment:
All components were implemented in Python, selected for its compatibility with LLM or-
chestration frameworks, vector search libraries, and the broader Al tooling ecosystem.
4) OpenAl’s Assistant API

serves as the core environment for creating and managing agents with specialized roles.
Each agent is configured with a structured conversation flow and specific instructions in
a conversation thread. This setup allows for clear communication among agents, as well

as persistent context through the conversation history.

5) GPT-40-mini
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serves as the language model, chosen for its balance between performance and effi-
ciency. It supports the interpretive and generative needs of the agents, especially for

tasks that involve complex ethical assessments and multi-stage processing.

6) File Search Tool

OpenAl’s Vector Store is populated with essential regulatory documents. OpenAl auto-
matically parses and chunks documents, generates, and stores the embeddings, and
uses both vector and keyword search to retrieve relevant content to answer user queries.
The file search tool then enables the Al Ethicist to pull information directly from these

sources, grounding its responses in specific, up to date references.

7) Code Interpreter Tool

enables Agents to write and execute Python code within a secure, sand-boxed environ-
ment. This tool can manage files with varied data formats and produce outputs such as
data tables and visualizations, including graphs. With access to the Code Interpreter,
Agents can enhance the accuracy and adaptability of code generation and refine code

iteratively.

8) Agents Development and Specialized Prompts:

In implementing the agents within the Agents4EthicalSE tool, prompt engineering prac-
tices were systematically applied to enhance the reliability and alignment of each agent’s

output. These practices, as outlined in OpenAl’s prompt engineering quidelines, empha-

size clarity, structured instructions, and grounding responses in relevant reference ma-
terials. Each agent was developed with a well-defined role, clear instructions, and tai-
lored prompts that guide them in completing specialized tasks, thereby minimizing am-

biguity and improving response alignment with ethical standards.

* RiskGuard Agent For example, the prompt (see Program 1) provided to the RiskGuard
Agent begins by clearly defining the role of the agent and then specifies the primary
responsibility of the agent. It offers the agent a structured approach, ensuring it knows

exactly how to proceed.

Tactic 1: The prompt specifies three steps required to complete the task, guiding the

agent to focus on specific aspects (e.g., purpose, context, and criteria).

Tactic 2: It includes details in query, such as identifying the purpose and intended use,

to get more relevant answers.

Tactic 3: It instructs the model to answer using EU Al Act defined risk categories as a

reference text.


https://platform.openai.com/docs/guides/prompt-engineering
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Tactic 4: It uses intent classification by dividing the risk levels into Unacceptable, High,
Limited, and Minimal to identify the most relevant instructions. This strategy reduces

cognitive load and error rates by focusing the agent’s attention on predefined categories.

Tactic 5: The prompt specifies an output format with fields for Category and Justification,

guiding the agent to produce concise, structured responses.

Tactic 6: The prompt’s step-by-step approach gives the agent time to Think to evaluate

the module’s risk level systematically.

Tactic 7: The prompt includes an example output, which demonstrates the expected

format and tone, helping the agent understand how to structure its responses.

+ Al Ethicist Agent has access to File Search Tool. Each response/code generated by

the Al Ethicist is enriched with context from the retrieved documents, helping ensure

compliance with ethical principles. This practice also infuses the prompt engineering tac-
tic to instruct the model to answer with citations from a reference text. Additionally, the
Al Ethicist is instructed only to generate code when the module description does not fall
under Unacceptable Risk Category with structured output format provided to guide fac-

tual reasoning of responses.

9) Parameter Adjustments for Controlled Output

Parameters such as temperature (randomness) and top p(diversity) are configured for
each agent respectively, helping to manage the variability in agent responses. These
settings support more controlled outputs that balance creativity with consistency, as rec-
ommended by OpenAl. For example, the value of temperature and top p is set to 0
and 0.5 for RiskGuard and to moderate levels for Al Ethicist as it is also facilitating ethical

code generation.

10) Contextual Continuity and Structured Conversation

The conversation history is retained throughout each round and provided as additional
context to the next agent in loop. At the end of the round, conversation summary is
shared with the first agent to ensure continuity. This setup follows a structured conver-
sation flow that includes four phases: Reply, Reflection, Code, and Critique, injected to
agent(s) instructions provided by the user. This approach fosters an iterative process
with chain-of-thoughts in which agents refine their outputs, ensuring they remain aligned

with the framework’s initial context, guidelines and ethical standards.

This technology stack was chosen to match findings in existing literature on agentic sys-

tems and RAG-based reasoning. This modular architecture allows iterative refinement
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of output, promoting trust, fairness, and regulatory compliance in LLM-assisted software

development.

3.34 Example Scenario and Output Walkthrough

The system shows in Fig [10] authoritative sources RAG searches through such as the
European Union’s Al Act and the Al HLEG Ethics Guidelines, enabling the Al Ethicist to
identify specific regulatory sections relevant to the risk assessment of a surveillance sys-
tem monitoring facial recognition in public spaces. Fig [9] illustrates how the RAG com-
ponent cites specific articles of the act with verified, context specific information, ensuring

that decisions meet established standards of fairness, accountability, and transparency.

1. Risk Assessment

The evaluation of the surveillance system, which leverages real-time facial recognition technology to
monitor public spaces without obtaining permission from individuals, has been deemed as posing an
unacceptable risk. This classification aligns with stipulations found in the EU Al Act, specifically
Sections concerning the use of real-time biometric identification systems in publicly accessible

spaces.

The Act outlines that such systems should only be employed under stringent conditions with explicit
legal authorization, aimed at pursuing specific objectives like the identification of missing persons or
prevention of immediate threats to life or physical safety. The critical sections that substantiate this

assessment include:

Article 5 specifically prohibits the placing, putting into service, or use of Al systems that utilize
biometric identification in public spaces unless they are strictly necessary for limited and well-
defined purposes

The requirement for a fundamental rights impact assessment, along with registration in a
designated EU database prior to usage, underscores the need for stringent scrutiny of such

systems

In this instance, the lack of proper legal authorization and the absence of safeguards fundamentally
contravene the norms established by the EU Al Act. Therefore, the project may not only infringe upon

the privacy rights of individuals but also undermine essential democratic principles.

Figure 9. Example of a Grounded Response for an Unacceptable Risk Level Al
System with Cited Ethical Standards
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Source:

YL
European Union's AI Act.pdf"
European Union's AI Act.pdf"
European Union's AI Act.pdf"

European Union's AI Act.pdf"

'[4] AT HLEG Ethi - orthy AI.pdf"

AT HLEG Ethics Guideli for Trustworthy AI.pdf"

Figure 10. Source List for RAG Retrieval

In Fig [11], the Al Ethicist generates enhanced code for the module description, “Develop
an Al system that screens and ranks job applicants based on their resumes and video
interviews to recommend top candidates for hiring.” The initial code includes core func-
tionality for processing resumes and ranking candidates. Through iterative feedback, as
illustrated in Fig [12], the Al Ethicist identifies areas for ethical improvement, such as
implementing bias mitigation, data governance, and explanation mechanisms—critical

elements for transparency and fairness in Al-driven hiring processes.
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numpy np
sklearn. feature_extraction.text TfidfVectorizer
sklearn.metrics.pairwise cosine_similarity

cv2

self
self.resumes =
self.video_features =
self.vectorizer = TfidfVectorizer

self.applicant_data = {}

self, applicant_-id, resume: str, video_path: str

self.resumes. append ( resume

self.video_features.append(self.extract_wvideo_features(video_path

self.applicant_datalapplicant_id] = { resume,

self, video_path: str

np. random. rand

self
self.vectorizer.fit_transform(self.resumes

=elf, scores

SCOres

self, rankings
explanations =
Gdx rankings
explanations.appendi {
didx,

Figure 11. Example of Enhanced Code generated by Al Ethicist for a High-
Risk Level Al module description.
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explanations

self, job_description: str

resume_vectors = self.process_resumes
job_vector = self.vectorizer.transform([job_description]

gimilarity_scores = cosine_similarity(job_vector, resume_vectors

combined_scores similarity_scores.flatten + np.array (self.video_feai

adjusted_scores self.mitigate_bias(combined_scores

ranked_indices = np.argsort(adjusted_scores)[::-

explanations = self.explain_decision(ranked_-indices

applicant_ai

ranked_indices, explanations

JobApplicantAI

applicant_ai.add_applicant

applicant_ai.add_applicant(2,

rankings, explanations = applicant_ai.rank_applicants

4, Critique

Figure 12.

rankings

, explanations

Example of Enhanced Code (continued) generated by Al Ethicist
with Critique.
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EVALUATION AND RESULTS

4.1 Evaluation Setup

To evaluate the ethical utility and usability of the proposed Agents4EthicalSE framework,
a workshop-based experiment was conducted with 82 Master's-level students. The eval-
uation followed a structured survey that combined quantitative Likert-scale items and
qualitative open-text responses grounded in practical tasks. Participants were instructed

to simulate real-world development workflows as shown in Fig [13], involving:

MULTIAGENT SCENARIO
EXECUTION

PROJECT PROMPT Al Ethicist

INCIDENT REVIEW CREATION BASELINE COMPARISON SURVEY RESPONSE
Categorize incidents gRthorC ;Rihon 1} Ethical (I Likert & Open-ended post
2:::;::::“& intoEg ifferemt riak D:v -'__-Dzv E:nrnprahmalnn @ comparlson qusstions
levels via Qo"‘a
‘ ‘ ‘ ‘& Agents4Ethical SE et o sooned " E::::
; Hg;ﬁnrhx_ﬂz 308 exgcution. iy Ragulamn utiliby Oses
Incident Report —> ssting prompis. — —

Same Fn:-]e-ct Descriptions agents conversation

ZY
\“ D MISTRAL

Dirfarent LLMs aptimal for
quality code generation

STANDARD Al CODE
GEMERATOR
m Syutam Trust [y Output Nia af ths murt-

salect & cases from Al
incident Database

Figure 13. Evaluation Process of Agents4EthicalSE Tool.

Incident review: Each participant selected four Al incidents from the Al Incident Data-

base, such as algorithmic hiring bias or facial recognition misuse.

Project prompt construction: From each incident, they crafted a project description,

categorizing it into one of the following risk levels according to the EU Al Act framework:

Unacceptable Risk — Al systems that threaten fundamental rights.

High Risk — Systems affecting safety or legal entitlements.

N o -~

Limited Risk — Systems requiring transparency to mitigate potential harm.

8. Minimal Risk — Systems considered low or no threat.
In total, this process resulted in 328 project descriptions (4 per participant x 82 partic-
ipants), each evaluated and classified using the Agents4EthicalSE tool. The system’s
RiskGuard and Al Ethicist agents analyzed the ethical dimensions and regulatory context
of each description before assigning a risk category. This automated classification pro-

cess supports early-stage ethical awareness and alignment with EU regulations.


https://incidentdatabase.ai/
https://incidentdatabase.ai/
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Multi-agent scenario execution: Using the Agents4EthicalSE tool, participants as-
signed agent roles (e.g., Senior Python Developer, Junior Python Developer) and chose
multi-round or single-round interaction structures. These agents generated and it-

eratively critiqued code while applying ethical reasoning.

Baseline comparison: The same prompts were submitted to a standard Al code gen-
erator (compromising different LLMs i.e., Llama, Mistral, Claude etc.) to compare the

outputs' ethical alignment and usability.

Survey completion: Participants then completed a detailed evaluation survey, consist-
ing of Likert-scale and open-ended items and attaching the generated output capturing

perceptions of ethical guidance, trust, and practical relevance.

4.2 Participant Overview

A total of 82 participants responded, representing diverse technical backgrounds in-
cluding Al research, software engineering, and data science. Participants reported
between <1 year and 6+ years of experience in Al-related or software development
domains. Most were affiliated with graduate-level programs in Computer Science or

Data Science, aligning well with the expected user base for Al-assisted software tools.

Participant Counts by Experience Bracket and Area of Expertise

Experience Bracket
Less than 1 year
42 30 1-3 years
a B 4-6 years
E - B More than 6 years
L.
a 20
Yy—
: ]
.
[1}]
5 10 I
]
0 0, Ly 5
4
@6‘*’5;;\ e ES@% ° N %ﬁbféf
Ly & ’t?él ] ’:‘?; @ o, fn\'—'\@‘;f
G, s op, ey,
Yoy, € S e
Area of Expertise
Figure 14. Participant counts per experience bracket and area of expertise.

As illustrated in Fig [14]:
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Software Development was the most common discipline (38 participants), with
the majority having 1-3 years (21 participants) or less than 1 year (11 partici-

pants) of experience.

Artificial Intelligence had 19 participants, evenly split between early-career (1-

3 years and <1 year), indicating a growing Al-exposed student cohort.

The Other category also had strong representation (19 participants), early-ca-
reer, suggesting a diverse range of Al-adjacent domains (e.g., HCI, policy, data

science).

Research-focused participants (e.g., those in Al or SE) made up a small share
(5 participants), but displayed a wider range of experience, including mid- and

late-career individuals.

Only one participant reported their primary expertise as Al Ethics & Regula-
tions, highlighting the gap between ethical governance experts and those build-

ing Al systems.

This demographic distribution reflects a representative group of early-to-mid-career de-

velopers’ population likely to benefit from assistive ethical tooling in their learning or pro-

fessional environments.

4.3 Survey Design and Metrics

The survey was designed to operationalize the key evaluation goals using cognitively
pretested questions (Martin, 2006) and refined through experts’ feedback. Each Likert

item was paired with optional open comment fields for the inclusion of qualitative in-

sights. It assessed the following dimensions as shown in Table [4]:

Table 4.  Assessment Constructs for Agents4EthicalSE Tool.

Construct Purpose Scale

Ethical Understanding | How well did participants un- 5-point Likert
derstand concepts like fair-
ness, bias mitigation, explaina-
bility?

Regulatory Utility Was the tool perceived as help- 5-point Likert
ful for EU Al Act compliance?

System Trust Do users trust the system’s le- 5-point Likert
gal and ethical guidance?

Recommendation Would they recommend the 5-point Likert
tool to others in the field?
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4.4 Quantitative and Qualitative Results

4.4.1 Quantitative Summary

Across the four measured constructs—ethical comprehension, compliance utility,
system trust, and recommendation likelihood—most participants reported a positive
or moderately positive experience with Agents4EthicalSE as shown in Fig [15]. The

chart clearly shows the varying response patterns across different dimensions:

o Ethical Comprehension: Strong positive responses with most participants rating

"Significantly" or "Moderately".

o Regulatory Utility: Similar pattern to ethical comprehension but with a notable
portion (12.2%) rating "Very significantly".
o Trust in System: Different pattern with no "Significantly" or "Very significantly”

responses, showing more moderate trust levels.

e Recommendation: Strong positive responses with a balanced distribution

across "Moderately", "Significantly", and "Very significantly".

Distribution of Likert Scores Across Dimensions

100% e Likert Scale Responses

Mot at all

§ 80% Slightly
pa )
8_ B Moderately
a } B Significantly
E 60% B Very significantly
o
b ,
:z 40%
(o]
&
E 20%
o % Re %, Re,
Yeay - Qb/e - s i Oppy
0 % Iz €
/s G S5, (o2}
fe’f'ms,rb %‘Ky “ oy,
7
Measured Constructs
Figure 15. Distribution of Likert Scores across core Constructs.

4.4.2 Qualitative Insights

Participants provided free-text responses to describe specific impressions, pain points,
and suggestions. Using an inductive coding process, qualitative feedback was analyzed
to extract recurring themes and patterns from participants’ comments as highlighted in
Table [5].
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Table 5. Thematic Analysis of Participants’ Feedback.
Theme Category Content Reprsentative Quote Frequency
Positive Insight Comments about - "The Al ethicist agent High
the tool's ethical | could provide references to
capabilities and | regulatory guidelines to en-
benefits. hance user trust."”
- “| think it is a good ini-
tiative to bring Al to SE. It
will help a lot of developers
as well as the companies.”
Instructional Value Feedback on the - "Multiple  rounds Moderate
learning and re- | helped me reflect more
flection process. critically."
- “Using this system, |
believe that mitigation
strategies and risk antici-
pating could be applied in
real-world setting.”
Citation Concerns Issues related to - “l think the system High
transparency and | could be more transparent
traceability of cita- | and provide the direct
tions. source where in the legis-
lation it is getting its cate-
gorization of a project.”
- “I found the tool pretty
handy. Maybe the refer-
ences given by the Al ethi-
cist could be even more
specific.”
Coordination Issues | Observations "Some agent re- Moderate
about agent role | sponses overlapped—
clarity and re- | could use more clear role
sponse overlap. separation.”
- “Right now, I feel like it
did not use any information
generated before. Junior
Developer  didn't use
information ~ of  Senior
Developer.”
Suggestions Recommenda- -  “Expanded Agent Moderate

tions for tool im-
provement  and
additional fea-
tures.

Ecosystem: Include spe-
cialized roles like Security
Expert or UX Designer.”

- “I would integrate the
system into existing devel-
oper tools such as IDEs.”

The theme frequency analysis (Fig [16]) reveals:
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o Positive Insight (High Frequency): Participants noted that the Al Ethicist could

provide references to regulatory guidelines, which would enhance trust.

e Instructional Value (Moderate Frequency): Multiple rounds of interaction

helped participants reflect more critically on ethical issues.

o Citation Concerns (High Frequency): A common concern was the lack of clear

citation transparency and traceability.

e Coordination Issues (Moderate Frequency): Some participants observed over-

lapping agent responses, suggesting a need for clearer role separation.

e Suggestions (Moderate Frequency): Participants recommend adding more

specialized agent roles, such as policy advisors or QA engineers.

Theme Frequency Analysis of Participant Feedback

Hign Hign
3 d d
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Figure 16. Theme Frequency Analysis of Participants’ Feedback.

4.5 Key Findings per Research Question

RQ1: How do agent specialization, multi-round interactions, structured
prompts, and conversational protocols contribute to the ethical alignment of out-
puts?

Participants consistently reported that the structured agent roles (e.g., Al Ethicist vs
Senior Python Developer) helped make ethical issues more explicit and actionable.
The multi-round structure encouraged critical reassessment, enabling users to revise

assumptions—Ilike the reflection cycles emphasized in ethical design thinking.
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To what extent did the structured conversation phases Did each agent {e.g., RiskGuard, Al Ethicist) clearly
{Reply, Reflection, Code, Critigque) enhance the contribute according to its specialized role {e.g., risk
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Figure 17. Participants’ perception of agent specialization, multi-round interac-
tions, structured prompts, and conversational protocols.

Did the Al Ethicist's critiques help resolve potential ethical
issues (e.g., bias, discrimination, compliance gaps) in code
generation?
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The findings in Fig [17] affirm the design logic that role-specific critique combined with
conversational sequencing promotes ethical deliberation, aligning with the EU Al Act’s

emphasis on accountability and transparency.

RQ2: In what ways can a Multi-Agent RAG framework assist in aligning LLMs
with established ethical standards and requlatory guidelines?

The system’s use of retrieval-augmented generation (RAG) contributed to participant
trust (see Fig [18]), especially when the agents referenced actual legal texts (e.g., HLEG
guidelines or EU Al Act provisions). However, a recurring concern was lack of tracea-
bility in 15% citations.

Participants valued:
o Context-aware legal guidance
e Role-driven ethical critique

o But also requested: “Show paragraph numbers or links in citations.”
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Do you frust the system to provide reliable guidance for understanding and
implementing regulatory guidelines (e.g., ELU Al Act, Al HLEG Principles)?
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Figure 18. Participants’ perception of reliable requlatory guidance via RAG

This supports the broader literature suggesting that explainability + traceability form

the foundation of trustworthy Al.

4.6 Reflections and Limitations

This evaluation validates the promise of multi-agent RAG ethical reasoning during
software development. The integration of structured prompts, agent specialization, and

real-world Al incident simulation made the experience authentic and pedagogically rich.
That said, limitations include:

o Construct validity: Self-reported learning may not equate to improved ethical

outcomes in practice.

o External validity: Academic participants may not reflect high-pressure industry

settings.

o System friction: Interface lags and vague RAG references occasionally under-

mined user experience.

Despite these limitations, the findings suggest Agents4EthicalSE holds promise for aug-
menting ethical compliance efforts in both educational and professional settings.
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THREAT TO VALIDITY

This section discusses potential threats that may influence the reliability, generalizability,

or interpretability of the results presented in this thesis.

5.1 Internal Validity

Construct validity refers to whether the concepts studied (e.g., “ethical alignment” or
“agent deliberation”) are appropriately operationalized. While the study defines align-
ment as outputs consistent with ethical principles and regulations, there is inherent am-
biguity in how various sources define ethics (e.g., EU Al Act vs. OECD principles). Alt-
hough retrieval-augmented grounding reduces vagueness, the framework's judgment is

still dependent on prompt structure and source quality.

5.2 Construct Validity

The internal consistency of the Agents4EthicalSE evaluation may be affected by agent
behavior variance. LLMs can produce inconsistent responses depending on temperature
settings, prompt phrasing, or length. While the system uses deterministic settings (tem-
perature = 0) and few-shot examples for calibration, unexpected model deviations re-
main possible. In addition, the multi-round interaction protocol was designed to simulate

deliberation but may not guarantee epistemic convergence.

5.3 External Validity

External validity is limited due to the academic setting of the evaluation. Although real-
world ethics guidelines and regulatory texts were used, the decision scenarios and sys-
tem walkthroughs were hypothetical or educational. Further deployment in industry set-
tings (e.g., agile retrospectives, code audits) is needed to validate generalizability. The
framework also assumes a baseline understanding of ethical concerns, which may vary

across software teams and regions.

5.4 Reliability

Agent outputs are reproducible given the same input conditions, but performance can
vary across models or API versions. No systematic stress-testing or adversarial prompt-

ing was performed, which may affect robustness claims.
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DISCUSSION

This chapter interprets the findings of the thesis through five thematic lenses. It connects
the design and evaluation of the Agents4EthicalSE framework to broader challenges in

Al ethics, LLM deployment, and software engineering support tools.

6.1 Ethical Alignment through Agent Roles and Dialogue

The structured multi-agent architecture implemented in Agents4EthicalSE demonstrates
how ethical deliberation can be constructed through agent specialization and multi-round
feedback. Drawing from the literature review (Section 3.2), agent role assignment—such
as “RiskGuard” for value critique or “AlEthicist” for regulatory interpretation—mirrors real-

world role separation in ethics committees or software quality audits.

Studies like Zeng et al. [14] and Xu et al. [37] emphasize that distributing responsibility
across role-specialized agents can increase reasoning quality, especially when dialogue
is iterated. In the implemented framework, multi-turn interactions proved valuable for
surfacing trade-offs (e.g., between accuracy and privacy), enabling a richer understand-
ing of complex ethical tensions. This suggests that internal deliberation, even if artificial,

can guide alignment when ethical ambiguity arises.

6.2 Regulation-Aware Development via RAG

The integration of Retrieval-Augmented Generation (RAG) enables context-sensitive de-
cision-making by grounding agent discussions in specific regulatory documents such as
the EU Al Act, ISO/IEC TR 24028, and organizational ethics policies. This reflects a key
insight from both Lewis et al. [15] and more recent compliance-focused works such as

Kévari et al. (2025): Al agents are more trustworthy when they cite interpretable sources.

Unlike static rule-based checklists, Agents4EthicalSE retrieves relevant passages at
runtime, offering just-in-time legal awareness. This not only reduces hallucinations but
also enables real-time traceability—a critical concern for explainability and auditability in

high-risk systems. RAG thereby acts as an “external conscience” for the agent ensemble.

6.3 Developer Perceptions and Practical Value

Preliminary evaluations through controlled workshop and developer walkthroughs sug-
gest the tool offers perceived value across three dimensions: (1) enhanced ethical

awareness, (2) practical assistance in documentation, and (3) improved engagement



45

with regulatory requirements. Participants reported that the AlEthicist’s retrieval-backed

critiques improved their understanding of legal risks.

However, developers also highlighted that the conversational format—while educa-
tional—could be overly verbose for fast-paced development environments. This points
to a trade-off between depth and usability, and suggests that lightweight modes (e.g.,

summaries or flagging-only agents) may be desirable for production settings.

6.4 Comparison with Existing Tools

Compared to existing tools such as ethics canvases, risk taxonomies, or fairness dash-
boards, Agents4EthicalSE introduces two innovations: multi-agent dialogue and dynamic
legal grounding. Tools like IBM’'s Al FactSheets or Google’s Model Cards offer post-hoc
documentation but lack deliberative reasoning. Conversely, RiskGuard and AlEthicist
agents simulate argumentation during the design phase, promoting anticipatory reflec-

tion.

Moreover, while some frameworks use static rule encoding (e.g., rulebooks or ethical
matrices), this system adapts its reasoning based on retrieved context. In this sense, it
aligns with “ethics-as-a-service” paradigms [8] but advances them through a modular,

explainable, and interactive interface.

6.5 Barriers to Adoption

Despite its promise, several barriers may limit the adoption of such a framework in in-

dustry:

Scalability: Multi-round conversations may be too time-consuming for agile workflows

unless optimized or selectively triggered.

Domain Adaptation: The framework currently depends on general regulatory texts. Do-

main-specific fine-tuning (e.g., healthcare, education) is needed for accurate critique.

Trust and Transparency: Developers may distrust opaque decisions by Al agents. Alt-
hough RAG enhances explainability, the reasoning steps of LLMs remain partly inscru-
table.

Integration Complexity: Embedding the tool into real-world pipelines (e.g., GitHub Ac-

tions, Jira workflows) requires engineering effort and alignment with DevOps practices.

Addressing these barriers will require iterative co-design with practitioners, user-centric

evaluation, and simplification of interaction models for low-friction use.
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CONCLUSIONS

This chapter summarizes the key findings of the study, answers the research questions,
and reflects on the broader implications of the proposed Agents4EthicalSE framework.

It also outlines potential directions for future work.

7.1  Summary of Findings

This thesis investigated how multi-agent RAG systems can support ethical software de-
velopment through both a systematic literature review and the design of a retrieval-aug-

mented deliberation tool. The findings reveal:

e There is a growing body of peer-reviewed research on agent collaboration, struc-
tured prompting, and dialogue governance in ethical Al, but limited practical im-

plementations exist for software engineering contexts.

e The proposed multi-agent framework—Agents4EthicalSE—integrates role-spe-
cialized agents, multi-round deliberation, and RAG-based grounding to simulate

ethical review and regulatory assessment.

e Initial evaluations suggest that the framework can enhance ethical awareness,
support regulation-aware reasoning, and improve transparency in design deci-

sions.

7.2 Answers to Research Questions

RQ1: How do agent specialization, multi-round interactions, structured prompts, and
conversational protocols contribute to the ethical alignment of outputs generated by a

multi-agent LLM system?

The systematic literature review demonstrated that these four features are critical for
improving ethical alignment in LLM outputs. Agent specialization introduces diverse per-
spectives; multi-round dialogue enables deeper reasoning and self-correction; structured
prompts constrain outputs toward desirable norms; and conversational protocols en-

hance transparency and deliberative structure.

RQ2: /n what ways can a Multi-Agent RAG framework assist in aligning LLMs with es-

tablished ethical standards and regulatory guidelines?
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The developed tool shows that RAG-enabled agents can retrieve and apply up-to-date
regulatory knowledge (e.g., EU Al Act), and structure deliberation around it. The integra-
tion of legal grounding, agent-based debate, and traceable interactions offers a promis-

ing co-pilot model for ethics-by-design in Al development workflows.

7.3 Contributions and Implications

This work contributes to the fields of Al ethics, software engineering, and human-Al in-

teraction in distinct ways:

o Empirical synthesis: It presents the systematic mapping of peer-reviewed re-
search linking four design strategies (agent roles, iterations, prompts, dialogue)

to ethical alignment in LLMs.

o Framework design: It introduces the Agents4EthicalSE architecture, combining
multi-agent deliberation with retrieval-augmented generation, implemented using

modern LLM orchestration tools (OpenAl API).

o Practice relevance: It proposes a replicable structure for aligning software arti-
facts with ethical and legal expectations, offering value for compliance teams,

educators, and software architects.

The implications are broad: the system could be adapted for high-risk Al scenarios, em-
bedded into design sprints, or extended to policy compliance support. It positions Al as

both subject to ethical critique and a participant in ethical discourse.

7.4 Future Work and Recommendations

Promising directions for future work emerged from both theoretical analysis and practi-

tioner feedback:

e Human-in-the-loop refinement: Integrating manual review checkpoints into the
agent dialogue process could increase reliability and trustworthiness. For in-
stance, agents might pause to request developer approval before finalizing rec-

ommendations.

o Domain adaptation: The framework currently uses general-purpose regulatory
corpora. Future work should explore domain-specific fine-tuning (e.g., for medi-

cal, legal, or educational applications) to tailor ethical scrutiny to local needs.

e Scalability and integration: A particularly valuable suggestion emerged from
participant feedback. One respondent highlighted the importance of building the

Agents4EthicalSE framework as an in-built plugin for Integrated Development
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Environments (IDEs). This idea reflects a fundamental direction for future work:
to embed ethical deliberation into the developer's workflow without requiring a
separate interface or toolchain. Integration with environments like Visual Studio
Code, Intellid, or GitHub Copilot could allow agents to proactively evaluate code

decisions, offer ethical suggestions inline, or flag regulatory risks during commit.

o Usability optimization: The verbosity and multi-turn nature of the current dia-
logue format may not suit all workflows. Future designs could explore com-
pressed dialogue formats, agent role toggling, and adaptive levels of explanation

depending on user preference.

o Cross-cultural and multilingual generalization: To ensure fairness and inclu-
sivity, future extensions should incorporate region-specific policies, language di-

versity, and culturally informed ethical interpretations.

By pursuing these directions—particularly the IDE plugin pathway—Agents4EthicalSE
can evolve from a research prototype into a usable co-pilot for ethically aware software

engineering.
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APPENDIX A:

1. Systematic Literature Review Log Sheet.xIsx: This sheet contains: Titles, au-

thors, and publication metadata of all retrieved studies. Inclusion and exclusion
decisions with justifications. Screening outcomes for each stage (title, abstract,

full text). Notes from reviewers.

2. Papers Contributing to 4 major themes.xlIsx: This sheet includes: Detailed map-
ping of each study to one or more of the four core design features:
Agent specialization, multi-round interactions, structured prompting, conversa-
tional protocols.

3. Agents4EthicalSE Conversation History: An example conversation output file that
was generated by a participant during the system evaluation phase of the study.
The file includes full conversation logs between agents and output messages in
raw text format.

4. Survey.csv: This sheet contains anonymous participants’ responses to the work-
shop survey conducted to evaluate the effectiveness of Agents4EthicalSE tool.


https://docs.google.com/spreadsheets/d/1aItyaG1fZcEdnSpDFOJMG0yzffXWnpbt/edit?usp=sharing&ouid=102930352703602009757&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/18cMOD8Q-gZ4AO_erREsnCNN9u_28aHtT/edit?usp=sharing&ouid=102930352703602009757&rtpof=true&sd=true
https://drive.google.com/file/d/1vb_IcJ5W4Sq0E4YfQUBAI2LW_8nmAALR/view?usp=sharing
https://drive.google.com/file/d/1380UlL0xCESUy0IJd1fR_gIZN9vgeqxk/view?usp=sharing
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APPENDIX B : SOURCE CODE REPOSITORY

This appendix provides access to the private GitHub repository (accessible to GPT-
Lab members due to publication reasons) that contains the source code, scripts, and
documentation associated with the development of the Agents4EthicalSE system de-

scribed in this thesis.
The repository includes:

e Source code for the tool includes frontend and backend, vector store creation,

CRUD actions for agents, agents’ coordination, and task execution.
e Prompt templates and configuration files.

o README documentation for setup and usage.

& GitHub Repository:
https://github.com/GPT-Laboratory/Agents4EthicalSE

Note: This repository is privately accessible and hosted on GitHub. Any modifications or

usage should follow the license terms provided in the repository.


https://github.com/GPT-Laboratory/Agents4EthicalSE
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