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Abstract—Agentic AI systems (autonomous agents powered by
large language models that reason, use tools, and collaborate
with other agents) are rapidly moving from research prototypes
to deployed applications. Unlike static AI models, agentic sys-
tems make sequential decisions, select information sources, and
take consequential actions with limited human oversight. This
autonomy introduces trustworthiness challenges that existing
frameworks, designed for single-model systems with human-in-
the-loop supervision, do not adequately address. Biases encoded
in the underlying language models are not merely reproduced
but amplified through multi-step reasoning chains, autonomous
tool selection, and multi-agent coordination. This paper examines
the specific trustworthiness challenges that agentic AI introduces
and proposes a comprehensive framework to address them. Our
contributions include: (1) a systematic analysis of how bias
propagates and amplifies through autonomous agent reasoning,
drawing on research in media bias detection and emotion
analysis; (2) a formal probabilistic model of bias propagation
in multi-step agent chains; (3) a seven-layer architecture for
agentic systems that integrates ethics and governance layers
by design; (4) a lifecycle bias detection pipeline spanning pre-
deployment, runtime, and post-deployment phases; (5) design
principles for emotion-aware agents that avoid perpetuating
demographic stereotypes; and (6) a compliance analysis of four
major agentic frameworks against our trustworthiness require-
ments. We illustrate the framework through three application
scenarios and compare our approach with existing trustworthy
AI instruments.

Index Terms—Agentic AI, Trustworthy AI, Bias Detection,
Fairness, Large Language Models, Emotion Analysis, Human
Oversight, Accountability

I. INTRODUCTION

Artificial intelligence is undergoing a fundamental archi-
tectural shift. Where earlier systems processed inputs and
returned outputs within a single inference step, a new gen-
eration of agentic systems autonomously plans multi-step
strategies, invokes external tools, retrieves information from
diverse sources, and coordinates with other agents to ac-
complish complex objectives [1]–[3]. Frameworks such as
AutoGen [4] and MetaGPT [5] have made it possible to
deploy collaborative agent architectures in domains ranging
from software engineering and scientific research to healthcare
triage and financial analysis. More recently, platforms such as
LangChain [6] and CrewAI [7] have further lowered the barrier
to building and deploying multi-agent systems, accelerating
adoption across industry sectors. Recent surveys identify hun-
dreds of agentic systems in active development, most built on

top of large language models (LLMs) whose capabilities serve
as the cognitive backbone of autonomous decision-making [8],
[9].

The scale and speed of this deployment are difficult to
overstate. In less than two years, the field has moved from
single-agent prototypes that could chain a handful of tool
calls to sophisticated multi-agent orchestrations capable of
conducting research, writing code, managing workflows, and
making decisions that affect real people. Every major technol-
ogy company now offers an agentic AI platform: Anthropic’s
Claude, OpenAI’s Assistants API, and Google’s Gemini agents
are already integrated into enterprise workflows where they
autonomously handle customer service, document processing,
and strategic analysis. The adoption spans virtually every
sector of the economy. In healthcare, agentic systems triage
patient inquiries, synthesize medical literature, and draft clin-
ical summaries. In finance, they monitor regulatory filings,
generate risk assessments, and execute trading strategies. In
legal services, they review contracts, identify compliance gaps,
and draft legal memoranda. In education, they serve as person-
alized tutors that adapt to individual learning trajectories. In
hiring, they screen resumes, evaluate candidate responses, and
rank applicants. Each of these domains involves consequential
decisions about human welfare, and in each, agentic systems
are being deployed with varying degrees of human oversight.

The breadth of adoption is matched by the depth of invest-
ment. Major technology firms have committed billions of dol-
lars to agentic AI infrastructure, and the venture capital ecosys-
tem has channeled substantial funding into startups building
agent-based tools for specific industries. Open-source frame-
works have proliferated, with LangChain, CrewAI, AutoGen,
and MetaGPT collectively accumulating tens of thousands of
contributors and millions of downloads. Enterprise adoption
surveys consistently report that a majority of organizations
are either deploying or actively piloting agentic AI systems
in production environments. This is not a technology confined
to research laboratories; it is a technology being embedded
into the operational infrastructure of organizations that serve
millions of people daily. The implications for trustworthiness
are proportional to this scale.

This transition from tool to agent carries profound im-
plications for trustworthiness. LLMs are known to encode
systematic biases, including gender stereotypes in emotion



attribution [10], religious stigmatization [11], and political
framing in information synthesis [12]. Alignment techniques
such as RLHF [13] and constitutional AI [14] reduce but
do not eliminate these biases. In a static assistant, a biased
output is a single event that a human user can evaluate and
discard. In an agentic system, bias compounds. An agent
that autonomously selects information sources, reasons over
retrieved documents, and generates a synthesis can amplify
subtle training-data biases at each step of its reasoning chain.
When multiple agents collaborate, the amplification multiplies
further, as each agent’s biased intermediate outputs become
another agent’s inputs.

The compounding dynamics deserve careful attention be-
cause they operate across multiple, interacting channels simul-
taneously. Consider the domain of hiring. A recruitment agent
tasked with screening candidates might autonomously query a
resume database, select evaluation criteria, score applicants,
and generate a shortlist. At the source selection step, the
agent might favour databases that over-represent certain de-
mographic profiles in their indexed populations. At the criteria
selection step, it might weight qualifications that correlate
with socioeconomic status rather than job performance, re-
flecting patterns in its training data. At the scoring step, it
might interpret identical qualifications differently depending
on contextual cues (names, institutions, geographic locations)
that serve as demographic proxies. At the shortlisting step,
it might impose implicit diversity thresholds that are either
too lax or too aggressive, depending on what patterns it
has learned from historical hiring outcomes. No single step
is transparently discriminatory, yet the cumulative effect can
systematically disadvantage entire demographic groups. In a
multi-agent variant (where separate agents handle sourcing,
screening, interviewing, and ranking) each handoff introduces
an additional opportunity for bias to enter and accumulate,
while the distributed architecture makes it harder for any single
auditor to trace the full decision chain. Similar compounding
dynamics arise in healthcare (where an agent that retrieves
medical literature, interprets symptoms, and recommends
treatment plans may propagate biases in clinical research that
historically under-represent minority populations), in criminal
justice (where risk assessment agents may inherit and amplify
the racial disparities embedded in historical crime data), and in
content moderation (where agents that classify, escalate, and
act on flagged content may disproportionately suppress speech
from marginalized communities) [15], [16].

A critical dimension of the current moment is the widening
gap between the pace of agentic AI deployment and the
development of governance mechanisms adequate to the tech-
nology’s capabilities. Regulatory frameworks, by their nature,
evolve slowly: the EU AI Act [17], years in development,
was designed primarily with static predictive models and
classification systems in mind. Its risk-based categorization
assigns high-risk status based on application domain (hiring,
credit scoring, law enforcement) rather than on the degree of
autonomous reasoning an AI system performs, meaning that a
simple logistic regression classifier used in hiring is subject to

more stringent oversight obligations than a sophisticated multi-
agent system that autonomously plans and executes research
tasks, provided the latter falls outside the enumerated high-
risk categories. Voluntary governance instruments, including
the NIST AI Risk Management Framework [18] and ISO/IEC
42001 [19], offer process-oriented guidance but lack the
specificity required to address the emergent behaviours, multi-
step reasoning chains, and distributed accountability structures
that characterize agentic systems. Meanwhile, industry self-
regulation has focused primarily on alignment of base models
(through RLHF, constitutional AI, and red-teaming) rather
than on the systemic risks that arise when aligned models
are deployed as autonomous agents. The result is a gover-
nance vacuum: agentic AI systems are being deployed into
high-stakes domains at a pace that outstrips the capacity of
existing frameworks to ensure their trustworthiness. Bridging
this gap requires not merely extending existing frameworks
but developing new conceptual and architectural approaches
that are native to the agentic paradigm.

Existing trustworthy AI frameworks were not designed for
this paradigm. The EU’s Ethics Guidelines for Trustworthy AI
[20] assume meaningful human oversight at decision points.
The EU AI Act [17] classifies risk based on application
domain, not on the degree of autonomous reasoning an AI
system performs. The NIST AI Risk Management Framework
[18] provides governance processes but does not address the
emergent behaviors that arise when agents interact. These
frameworks offer essential principles, but they leave critical
gaps when applied to systems that act, reason, and collaborate
with minimal human intervention.

This paper addresses three research questions that arise from
these gaps:

1) Bias propagation in autonomous reasoning. How can
bias be detected and mitigated in AI systems that rea-
son, act, and collaborate autonomously across multi-step
decision chains? Existing bias detection methods are de-
signed for single-model, single-inference settings: they
evaluate a model’s outputs against a fixed set of inputs
and measure demographic disparities in predictions [15],
[21]. These methods do not capture the compounding
dynamics that arise when an agent makes a sequence
of interdependent decisions, each conditioned on the
(potentially biased) outputs of previous steps. Nor do
they account for the bias introduced through autonomous
tool selection, where the agent’s choice of information
sources may itself be a vector of systematic distortion
[12]. Addressing this question requires both a formal
understanding of how bias propagates through agent
reasoning chains and practical detection mechanisms
that can operate at each stage of the chain, including
the inter-agent handoff points where bias amplification
is most acute.

2) Transparency and accountability in distributed agent
architectures. What architectural principles ensure
transparency and accountability when decision processes
span multiple agents and external tools? In a single-



model system, transparency can be achieved through
model cards [22], datasheets [23], and post-hoc explana-
tion methods [24]. In a multi-agent system, the decision
chain traverses multiple models, multiple tool invoca-
tions, and potentially multiple organizational boundaries,
making it unclear where transparency obligations begin
and end, who is accountable for emergent system-level
behaviours, and how an affected individual can contest a
decision whose causal chain spans a distributed architec-
ture. These challenges are not merely technical; they are
fundamentally architectural, requiring that transparency
and accountability be designed into the system’s struc-
ture rather than retrofitted onto its outputs.

3) Emotion-aware agents and demographic stereotyp-
ing. How can emotion-aware agents be designed to
recognize and respond to human emotions without per-
petuating demographic stereotypes? Emotion recogni-
tion is increasingly integrated into agentic applications
in mental health support [25], customer service, and
education. Yet LLMs systematically reflect gendered
[10] and religious [11] stereotypes in how they attribute
emotions, and the scientific basis of categorical emotion
recognition itself remains contested [26]. When an agent
acts on stereotyped emotional inferences (escalating a
support case, adjusting communication tone, or modify-
ing recommendations) the bias moves from perception
to action, with potentially discriminatory consequences.
Designing emotion-aware agents that are both empa-
thetic and fair requires integrating insights from emo-
tion analysis research [27] with bias-aware architectural
safeguards.

We make the following contributions:

1) A systematic analysis of trustworthiness challenges
specific to agentic AI, demonstrating that autonomous
reasoning, tool selection, and multi-agent coordination
create qualitatively new bias risks that static-model
frameworks do not capture. This analysis draws on
established research in media bias detection [12] and
emotion attribution [10] to ground the agentic trustwor-
thiness problem in empirically documented bias patterns.

2) A formal probabilistic model of bias propagation that
quantifies how bias compounds through multi-step rea-
soning chains and multi-agent handoffs, providing a
theoretical foundation for understanding the amplifica-
tion dynamics. The model distinguishes between bias
inheritance, amplification, and introduction at each pro-
cessing step, and derives closed-form expressions for
expected bias levels in both single-agent and multi-agent
configurations.

3) A seven-layer architecture for agentic systems that inte-
grates dedicated ethics and governance layers, ensuring
that bias checking and value alignment are structural
components rather than afterthoughts. The architecture
specifies where in the agent’s processing pipeline bias
checks should occur, how inter-agent communications

should be monitored, and how human oversight should
be integrated through a tiered autonomy model.

4) A lifecycle bias detection pipeline that spans pre-
deployment assessment, runtime monitoring, and post-
deployment auditing, incorporating techniques from me-
dia bias detection [12] and emotion attribution analysis
[10]. The pipeline adapts established bias detection
methodologies (including lexical bias analysis, framing
detection, and omission analysis) to the specific chal-
lenges of agentic reasoning chains.

5) Design principles for emotion-aware agents grounded in
empirical research on gendered and religious stereotyp-
ing in LLMs [10], [11], providing actionable guidelines
for building agents that respond to human emotions
without reinforcing harmful stereotypes. These princi-
ples address the full pipeline from emotion perception
to emotion-informed action, with specific safeguards
against stereotyped attribution.

6) A compliance analysis evaluating four major agentic AI
frameworks (AutoGen, LangChain, CrewAI, MetaGPT)
against our trustworthiness requirements, identifying
systematic gaps in current implementations and provid-
ing concrete recommendations for framework developers
and deployers.

The remainder of the paper is organized as follows. Sec-
tion II reviews the landscape of agentic AI, trustworthy AI
principles, and bias in LLMs. Section III analyzes the specific
trustworthiness challenges that agentic systems introduce and
presents a formal model of bias propagation. Section IV
presents our framework, including the layered architecture,
bias detection pipeline, emotion-aware design principles, and
tiered autonomy model. Section V evaluates existing agen-
tic frameworks against our trustworthiness requirements and
presents an empirical validation protocol. Section VI applies
the framework to three illustrative scenarios. Section VII
compares our approach with existing frameworks, acknowl-
edges limitations, and identifies open challenges. Section VIII
concludes.

II. BACKGROUND AND RELATED WORK

A. From Assistants to Autonomous Agents

The term “agentic AI” refers to systems that go beyond
single-turn question answering to exhibit four properties that
distinguish them from traditional LLM assistants: autonomy
(operating with minimal human intervention), reactivity (per-
ceiving and responding to environmental changes), proactivity
(pursuing goals through multi-step planning), and social ability
(collaborating with other agents and humans) [8], [9]. These
properties are not merely incremental improvements; they
represent a qualitative shift in how AI systems interact with
the world, transforming language models from passive oracles
that respond to isolated queries into active participants that
shape their information environments.

The technical foundations of this shift emerged rapidly. Yao
et al. [1] demonstrated that interleaving reasoning traces with



action steps (the ReAct paradigm) enables LLMs to solve
complex tasks that require both deliberation and environmental
interaction. This paradigm is significant because it couples
the model’s internal reasoning with external state changes:
the agent does not merely think about what to do but ex-
ecutes actions whose outcomes feed back into subsequent
reasoning steps, creating a closed loop between cognition and
environment. Schick et al. [2] showed that language models
can learn to invoke external tools autonomously, extending
their capabilities beyond text generation to include calculation,
search, database queries, and API calls. Tool use is a pivotal
capability because it allows agents to exceed the knowledge
boundaries of their training data and to produce effects in
external systems (sending emails, modifying files, executing
transactions) that have real-world consequences beyond the
generation of text. Park et al. [3] created generative agents
that simulate believable human behavior over extended time
horizons, maintaining persistent memory and social relation-
ships. Their work demonstrated that LLM-based agents can
maintain coherent identities, form plans based on accumu-
lated experience, and engage in emergent social dynamics,
including cooperation, information sharing, and coordination,
without explicit programming of these behaviors. Multi-agent
frameworks such as AutoGen [4] and MetaGPT [5] formalized
collaborative architectures in which specialized agents divide
labor, critique each other’s outputs, and converge on solutions
through structured dialogue. MetaGPT, in particular, demon-
strated that assigning agents role-specific standard operating
procedures (mimicking the division of labor in human software
engineering teams) significantly improves the quality and
coherence of collaborative outputs.

The technical capabilities of modern agentic systems now
span a wide range of modalities and interaction types. Tool use
has expanded from simple calculator and search invocations to
encompass code execution (where agents write, test, and debug
software), web browsing (where agents navigate websites, fill
forms, and extract information from dynamic pages), file sys-
tem manipulation (where agents create, read, and modify doc-
uments), and API orchestration (where agents compose calls to
multiple external services to accomplish complex workflows).
Code execution is particularly consequential because it gives
agents the ability to perform arbitrary computation, transform-
ing them from text processors into general-purpose problem
solvers that can analyze data, generate visualizations, train
machine learning models, and automate administrative tasks.
Web browsing capabilities introduce additional trustworthiness
challenges because they expose agents to the full complexity
and adversarial dynamics of the open internet, where misinfor-
mation, manipulation, and bias in online content can directly
influence agent reasoning.

Deployment contexts have expanded with equal speed. In
enterprise settings, agentic systems are being integrated into
customer service workflows (where they handle multi-turn
support conversations, access internal knowledge bases, and
escalate to human agents), document processing pipelines
(where they extract, summarize, and cross-reference infor-

mation across large document collections), strategic analysis
(where they gather market intelligence, synthesize competi-
tive landscapes, and generate reports), and software devel-
opment (where they write, review, and deploy code with
minimal human supervision). In consumer-facing applications,
agents serve as personal assistants that manage calendars,
draft communications, conduct research, and make purchasing
decisions on behalf of users. In research contexts, agentic
systems are being deployed to conduct literature reviews,
generate hypotheses, design experiments, and write scien-
tific manuscripts. Each of these deployment contexts carries
distinct trustworthiness implications: enterprise deployments
raise questions about liability and the unauthorized disclo-
sure of proprietary information; consumer deployments raise
questions about manipulation, consent, and the asymmetry of
information between agent and user; research deployments
raise questions about scientific integrity, the hallucination of
citations, and the distortion of evidence synthesis.

The speed of adoption has been remarkable by any measure.
In less than two years, the field has moved from single-
agent prototypes that could chain a handful of tool calls
to sophisticated multi-agent orchestrations deployed in pro-
duction environments that serve millions of users. Major
technology companies have released agent-building platforms
(Anthropic’s Claude with tool use, OpenAI’s Assistants API,
Google’s Gemini agents) that are already integrated into en-
terprise workflows. Open-source frameworks have proliferated
in parallel. LangChain [6] provides a modular framework for
building agent applications with retrieval-augmented genera-
tion, tool use, and chain-of-thought reasoning, and has become
a de facto standard for rapid prototyping. CrewAI [7] intro-
duces role-based multi-agent collaboration with configurable
autonomy levels, enabling developers to assemble teams of
specialized agents with minimal code. These frameworks have
dramatically lowered the barrier to deploying agentic systems
in production environments: what previously required months
of custom engineering can now be accomplished in days,
often by developers with limited understanding of the un-
derlying model’s biases and limitations. This democratization
of agentic capabilities is, in itself, a governance challenge:
the same accessibility that enables innovation also means
that consequential agentic systems are being deployed by
organizations without the expertise or infrastructure to evaluate
their trustworthiness.

The ecosystem is growing but fragmented. No dominant
standard governs how agents communicate with one another,
how tools expose their capabilities and constraints, or how
multi-agent systems report their decision processes to human
overseers. Rodrigo-Ginés [28] identifies the absence of stan-
dardized communication protocols and interoperability layers
as a critical barrier, drawing an analogy to the pre-OSI
era of computer networking, when incompatible proprietary
protocols made it impossible to build reliable, auditable,
cross-platform communication systems. This fragmentation
complicates governance in multiple ways. Without shared
architectural abstractions, it is difficult to specify where bias



checks should occur, what transparency obligations apply,
or how accountability should be distributed across a multi-
agent system. Each framework implements its own conven-
tions for agent-to-agent messaging, tool registration, memory
management, and error handling, meaning that governance
mechanisms developed for one framework do not transfer to
another. The absence of standardized audit interfaces makes
it nearly impossible for regulators or external auditors to
inspect multi-agent systems that span multiple frameworks
and organizational boundaries. Just as network security was
impossible to enforce systematically before the standardization
of networking protocols, agentic AI governance will remain
ad hoc and framework-specific until common architectural
abstractions emerge.

B. Trustworthy AI: Principles and Regulation

The concept of trustworthy AI has been codified through
several influential frameworks, each approaching the chal-
lenge from a distinct normative, regulatory, or operational
perspective. Understanding both their contributions and their
limitations with respect to agentic systems is essential for
motivating the framework proposed in this paper.

The EU’s High-Level Expert Group on AI articulated seven
requirements for trustworthy AI: human agency and over-
sight, technical robustness and safety, privacy and data gover-
nance, transparency, diversity and non-discrimination, societal
well-being, and accountability [20]. These requirements have
shaped subsequent policy instruments and have been echoed,
with variations, in over 80 national and international AI ethics
guidelines surveyed by Jobin et al. [29]. The EU Ethics
Guidelines are foundational in establishing that trustworthiness
is not a single property but a multidimensional requirement
encompassing technical, ethical, and social dimensions. How-
ever, the guidelines’ operationalization of human oversight
assumes a supervision model in which humans occupy mean-
ingful decision points in the AI pipeline, reviewing outputs,
approving actions, and intervening when necessary. Agentic
systems disrupt this assumption fundamentally: an agent that
autonomously decomposes a complex task into dozens of sub-
tasks, executes each through tool invocations, and synthesizes
the results does not naturally present the kind of discrete
decision points at which human oversight is assumed to occur.
The guidelines acknowledge the importance of human agency
but provide no mechanism for maintaining it when the AI
system itself determines the sequence, timing, and granularity
of its actions.

On the regulatory front, the EU AI Act [17] establishes
a risk-based classification framework in which high-risk AI
systems face conformity assessments, documentation require-
ments, and post-market surveillance. The Act represents the
most comprehensive legislative effort to regulate AI to date
and introduces several mechanisms relevant to trustworthiness,
including mandatory risk management systems, data gover-
nance requirements, transparency obligations toward users,
and human oversight provisions. However, the Act’s risk
classification is organized around application domains (bio-

metric identification, critical infrastructure, employment, law
enforcement) rather than around the degree of autonomous
reasoning an AI system performs. This domain-based classi-
fication creates a regulatory gap for agentic systems: a highly
autonomous agent that operates in a domain not classified as
high-risk (for example, an agent that autonomously conducts
market research or manages social media content) may escape
the Act’s most stringent requirements despite exhibiting the
kind of autonomous, multi-step reasoning that amplifies bias
in the ways documented in Section III. Furthermore, the Act’s
conformity assessment procedures are designed for systems
that can be evaluated as bounded artifacts before deployment.
Agentic systems that learn from interactions, adapt their strate-
gies over time, and exhibit emergent behaviors when combined
with other agents are not well captured by a pre-deployment
conformity assessment paradigm, because their risk profile
changes dynamically in ways that cannot be fully anticipated
at the time of assessment. The Act’s provisions for post-market
surveillance partially address this limitation, but the specific
monitoring mechanisms needed for agentic systems (such as
tracking bias amplification across multi-step reasoning chains
or auditing inter-agent handoffs) are not specified.

The NIST AI Risk Management Framework [18] provides
a voluntary governance structure organized around four core
functions: govern (establishing policies and processes), map
(identifying and categorizing AI risks in context), measure
(quantifying risks using appropriate metrics), and manage (pri-
oritizing and acting on identified risks). The NIST framework
is notable for its process orientation: rather than prescrib-
ing specific technical requirements, it provides a structured
methodology for organizations to develop their own risk
management practices. This flexibility is a strength in that
it can accommodate diverse AI systems and organizational
contexts, but it is also a limitation for agentic systems. The
framework’s guidance on risk identification and measurement
does not address the specific dynamics of autonomous multi-
agent systems, such as emergent behaviors arising from agent
interactions, bias amplification through sequential reason-
ing, or the accountability challenges created by distributed
decision-making across multiple agents. The “map” function,
which calls for contextualizing AI risks, does not distinguish
between systems that make single inferences and systems that
execute extended autonomous reasoning chains, despite the
qualitatively different risk profiles these architectures present.
The “measure” function provides general guidance on select-
ing and applying metrics but does not specify how fairness
metrics should be adapted for systems whose outputs depend
on dynamic, multi-step decision processes rather than single
input-output mappings.

ISO/IEC 42001 [19] introduces a management system stan-
dard for organizations developing or using AI, providing a
certification pathway for AI governance. Modeled on estab-
lished management system standards (such as ISO 27001 for
information security), it requires organizations to establish
an AI management system that includes policy, planning,
support, operation, performance evaluation, and improvement



processes. ISO 42001 is valuable because it provides an
auditable governance structure that can be integrated with
existing organizational management systems. Its limitation for
agentic systems is that it focuses on organizational governance
processes rather than on the technical architecture of the AI
systems themselves. An organization can achieve ISO 42001
certification for its AI governance processes while deploying
agentic systems that lack the architectural mechanisms (such
as the Ethics and Governance layers proposed in this paper)
needed to operationalize those governance processes at the
system level. The standard does not prescribe how AI systems
should be architected to support trustworthiness, leaving a
gap between organizational governance commitments and their
technical implementation in autonomous agent architectures.

Floridi et al. [30] proposed a complementary ethical
framework organized around five principles: beneficence (AI
should promote well-being), non-maleficence (AI should not
cause harm), autonomy (AI should preserve human self-
determination), justice (AI should promote fairness and pre-
vent discrimination), and explicability (AI should be trans-
parent and accountable). The AI4People framework bridges
bioethical tradition and AI governance, providing a princi-
pled vocabulary for evaluating AI systems against established
ethical norms. Its contribution lies in offering a coherent
normative foundation that transcends specific regulatory con-
texts. However, the framework operates at a high level of
abstraction: it identifies what ethical principles AI systems
should satisfy but does not specify how those principles should
be operationalized in concrete architectures or governance
mechanisms. The principle of autonomy, for instance, calls for
preserving human self-determination in the face of AI systems,
but does not address the specific challenge of maintaining
meaningful human autonomy when interacting with an agent
that makes dozens of intermediate decisions autonomously,
each shaping the information environment in which the human
ultimately acts. The principle of justice calls for fairness, but
does not address how fairness should be measured, maintained,
or enforced in systems where bias compounds through multi-
step reasoning chains rather than manifesting in single outputs.

These frameworks provide essential normative foundations.
However, they share a common assumption: the AI system
under governance is a relatively static artifact (a model that
receives inputs and produces outputs, with humans positioned
at meaningful decision points). Agentic AI disrupts this as-
sumption in three ways. First, agents act autonomously over
extended sequences of decisions, reducing opportunities for
human checkpoint intervention and making the “human over-
sight” requirement aspirational rather than operational unless
new architectural mechanisms are introduced. Second, multi-
agent systems exhibit emergent behaviors that are not pre-
dictable from the properties of individual agents, making pre-
deployment risk assessment insufficient, because the system’s
risk profile is a function not only of its components but of
their interactions, which may vary with deployment context
and evolve over time. Third, agents that use external tools and
data sources create attribution chains that span organizational

boundaries, complicating the assignment of accountability in
ways that neither liability law nor existing governance frame-
works are equipped to handle. The trustworthy AI principles
remain valid, but their operationalization requires rethinking
for the agentic paradigm.

C. Bias in Large Language Models

LLMs encode the statistical patterns of their training data,
including systematic biases that reflect and sometimes amplify
societal inequalities [15], [31]. The relationship between train-
ing data and model bias is not a simple one of reproduction;
it involves complex dynamics of selection, amplification, and
transformation. Training corpora are assembled from internet
text, books, and other sources that over-represent certain
demographics, geographies, and perspectives while under-
representing others. The statistical learning process extracts
patterns from these corpora, and because biased patterns are
often more consistent and salient than counter-stereotypical
ones, models learn to reproduce and even exaggerate them.
Furthermore, the curation decisions involved in assembling
training data (which sources to include, how to weight them,
what filtering to apply) introduce additional biases that are dif-
ficult to audit because the composition of proprietary training
datasets is rarely disclosed in full.

Gallegos et al. [21] provide a comprehensive survey of bias
in LLMs, documenting disparities across gender, race, religion,
age, and disability dimensions. Their survey identifies several
mechanisms through which bias manifests. Representational
bias occurs when models associate certain groups with stereo-
typed attributes (for example, associating women with domes-
tic roles or associating certain ethnicities with criminality).
Allocational bias occurs when model outputs lead to unequal
distribution of resources or opportunities across groups (for
example, when an LLM-based resume screener systematically
ranks candidates from certain demographics lower). Quality-
of-service bias occurs when models perform measurably better
for some user groups than others (for example, generating
more fluent and accurate text in response to standard American
English than to African American Vernacular English). Each of
these bias types has distinct implications for agentic systems:
representational bias affects how agents characterize users
and topics; allocational bias affects how agents distribute
attention, resources, and actions; and quality-of-service bias
means that agents may serve some user populations less
effectively than others, even when no overtly discriminatory
content is generated.

Weidinger et al. [32] offer a taxonomy of risks from
language models that extends beyond bias to encompass
discrimination, exclusion, toxicity, misinformation, privacy
violations, and environmental harms. Their taxonomy is par-
ticularly valuable for the agentic context because it highlights
that bias is only one dimension of a broader risk landscape.
Agentic systems inherit all of these risks and add new ones:
an agent that autonomously generates and publishes content
can spread misinformation at scale; an agent that accesses
external databases can violate privacy through unauthorized



inference; an agent that executes code can cause environmen-
tal or infrastructural damage. Understanding bias in agentic
systems therefore requires situating it within this broader
risk taxonomy, recognizing that bias interacts with other risk
categories in compounding ways.

Two lines of research are particularly relevant to the agentic
setting. The first concerns emotion attribution bias. Plaza-
del-Arco et al. [10] demonstrated that LLMs systematically
associate anger with male subjects and sadness with fe-
male subjects, reflecting entrenched gender stereotypes. Their
methodology, which involved presenting LLMs with emotion-
eliciting scenarios where the subject’s gender was system-
atically varied while all other variables were held constant,
revealed that the bias is not a marginal effect but a robust and
consistent pattern across multiple model families and sizes.
In a companion study, Plaza-del-Arco et al. [11] documented
religious bias in LLMs, finding that stereotyping and stigmati-
zation vary significantly across faiths, with minority religions
receiving disproportionately negative emotional associations.
Notably, the pattern of religious bias was not uniform: some
faiths were associated with predominantly positive emotions
while others were associated with fear, anger, or disgust,
reflecting the differential representation of religious groups in
the training data. Plaza-del-Arco et al. [27] further mapped
the landscape of emotion analysis in NLP, identifying trends,
gaps, and future directions that bear directly on the design
of emotion-aware agents. Their survey revealed that emotion
analysis research has concentrated on a narrow set of basic
emotions (primarily Ekman’s six categories) and a limited set
of languages (predominantly English), leaving significant gaps
in the field’s ability to model the nuanced, culturally situated
emotional expressions that agents encounter in real-world
multilingual deployments. These findings are consequential
for agentic systems that incorporate emotion recognition: an
agent that perceives user emotions through a biased model may
take discriminatory actions based on stereotyped attributions,
and the narrow emotional vocabulary of current models limits
agents’ ability to respond appropriately to the full range of
human emotional expression.

The second concerns media bias and persuasion. Rodrigo-
Ginés and Carrillo-de-Albornoz [12] conducted a systematic
review of 162 studies on media bias detection, identifying four
principal dimensions: lexical bias (loaded word choice that
frames subjects and events in evaluative terms), framing bias
(selective contextualization that emphasizes certain aspects of
a story while downplaying others), omission bias (exclusion
of relevant information that would complicate or challenge
a preferred narrative), and persuasive techniques (rhetorical
strategies such as appeal to authority, appeal to emotion,
and loaded language that manipulate reader interpretation).
These four dimensions operate at different linguistic levels
and interact in complex ways: a text may employ neutral
vocabulary (low lexical bias) while systematically framing
an issue through a particular ideological lens (high framing
bias) and omitting perspectives that would challenge that frame
(high omission bias). Rodrigo-Ginés et al. [33] demonstrated

that persuasion detection techniques can serve as proxies for
media bias identification, revealing a deep structural relation-
ship between the rhetorical strategies used to persuade and the
linguistic patterns that characterize biased reporting. Further
work on hierarchical modeling [34] showed that propaganda
detection shares representational structures with media bias,
suggesting that these phenomena exist on a continuum of
manipulative communication rather than as discrete categories.
For agentic systems that retrieve, synthesize, and present
information, these biases compound at every stage: an agent
may select biased sources (source selection bias), extract in-
formation that reflects the framing of those sources (extraction
bias), synthesize the extracted information using the framing
patterns absorbed from its training data (generation bias),
and present the result as objective (presentation bias), with
each step invisible to the end user. The multi-dimensional
nature of media bias means that simple keyword-based or
sentiment-based bias detection is insufficient; detecting the
subtle framing and omission biases that agentic information
pipelines can propagate requires the kind of multi-dimensional
analysis frameworks developed in the media bias detection
literature.

Alignment techniques aim to reduce these biases. Reinforce-
ment learning from human feedback (RLHF) [13] trains mod-
els to produce outputs that human evaluators prefer, steering
generation away from harmful, biased, or offensive content
toward responses that are helpful, harmless, and honest. Con-
stitutional AI [14] uses self-critique against explicit principles
to reduce harmful outputs, training models to evaluate and
revise their own generations according to a set of constitu-
tional rules. These approaches demonstrably reduce the most
egregious forms of bias (overt stereotyping, explicit toxicity,
blatant discrimination) but do not eliminate subtler forms of
stereotyping, framing, and omission [21]. The subtler biases
that survive alignment are, in some ways, more dangerous
than the overt biases that alignment removes, because they
are harder for users to detect and contest. A model that has
been aligned to avoid explicit gender stereotypes may still
systematically frame women’s achievements in terms of their
personal qualities (“dedicated”, “nurturing”) while framing
men’s achievements in terms of their professional competence
(“innovative”, “strategic”), a pattern that is difficult to detect
at the level of individual outputs but becomes statistically
significant across many interactions. Crucially, alignment is
applied to the base model; it does not address the bias
amplification that occurs when an aligned model is deployed
as an autonomous agent making sequential decisions. Each
reasoning step in an agentic chain provides an opportunity for
the subtle biases that survive alignment to influence down-
stream processing, and the compounding dynamics formalized
in Section III-B mean that individually small biases can
accumulate into significant systematic distortions over the
length of a typical agent reasoning chain.



D. Human-Centered AI Design

Human-centered AI (HCAI) positions human needs, values,
and capabilities at the center of AI system design [35]. The
HCAI paradigm holds that AI systems should augment rather
than replace human capabilities, that users should maintain
meaningful control over AI behavior, and that system design
should be grounded in an understanding of human cognitive
and social needs. Amershi et al. [36] distilled 18 guidelines for
human-AI interaction, emphasizing the importance of setting
appropriate expectations, supporting user control, enabling
graceful failure, and making clear what the system can and
cannot do. These guidelines were developed for interactive
AI assistants; their application to agentic systems requires
substantial adaptation, because the defining feature of agentic
AI (autonomy) exists in fundamental tension with the defining
principle of HCAI (human control).

This tension manifests in several dimensions. The first is
the information asymmetry problem. Agentic systems that
autonomously retrieve, filter, and synthesize information shape
the informational landscape within which users make deci-
sions. A user who asks an agent to “research the pros and cons
of a particular investment” receives a synthesis that reflects
the agent’s source selection, framing, and editorial judgment,
but the user typically has no visibility into how those choices
were made or what information was excluded. The agent’s
autonomy in information processing undermines the user’s
ability to exercise independent judgment, because the user is
evaluating not the raw information but the agent’s curated
representation of it. This dynamic is qualitatively different
from using a search engine, where the user at least sees a list of
sources and can choose which to consult; an agentic system
that presents a polished synthesis may obscure the diversity
of available perspectives. Meaningful human control in this
context requires not merely the ability to accept or reject the
agent’s output but the ability to understand and interrogate the
process by which that output was produced.

The second dimension of tension is temporal control. Tra-
ditional human-AI interaction occurs in discrete exchanges:
the user issues a command, the system responds, and the
user evaluates the response before issuing the next command.
Agentic systems compress this cycle by executing extended
sequences of actions autonomously. An agent that is asked
to “organize my inbox and schedule follow-ups” may read
dozens of emails, categorize them, draft responses, and sched-
ule calendar events before presenting a summary of actions
taken. The user has nominally consented to this activity by
issuing the initial instruction, but the granularity of control
is coarse: the user did not approve each individual action,
and reversing unwanted actions (such as an inappropriately
scheduled meeting or an inadvisable reply) may be difficult or
impossible after the fact. The HCAI principle of user control
requires that users be able to intervene at meaningful points in
the agent’s decision process, but determining what constitutes
a “meaningful point” in a fluid, multi-step agent workflow is
itself a design challenge that existing guidelines do not resolve.

The third dimension is the trust calibration problem. Amer-
shi et al. [36] emphasize that AI systems should help users
calibrate their trust by making system capabilities and lim-
itations transparent. For agentic systems, trust calibration is
complicated by the fact that the system’s capabilities are
not fixed but depend on the tools available, the quality of
retrieved information, and the interactions between agents in
a multi-agent system. A user may develop appropriate trust
calibration for an agent performing routine tasks and then be
surprised when the same agent fails dramatically on a task
that happens to require capabilities or information outside its
reliable operating range. The difficulty of maintaining accurate
mental models of agentic systems (what they can do, when
they are likely to fail, and how they make decisions) poses
a persistent challenge to the HCAI ideal of informed user
control.

The tension between autonomy and control is particularly
acute in emotion-aware applications. Mohammad [37] de-
veloped an ethics sheet for automatic emotion recognition
systems, highlighting risks including consent violations (users
may not know their emotions are being inferred), stereotyping
(systems may attribute emotions based on demographic as-
sumptions rather than actual emotional states), and manipula-
tion (systems may exploit detected emotions to influence user
behavior). The consent issue is especially salient in agentic
systems: when an agent autonomously adapts its communi-
cation style, escalation decisions, or recommendations based
on inferred emotions, the user may not be aware that emotion
recognition is occurring, much less have consented to it. This
creates a form of covert behavioral influence that is difficult to
reconcile with the HCAI principle that users should understand
and control how AI systems affect their experience.

Barrett et al. [26] challenged the scientific basis of emotion
recognition itself, arguing that facial expressions and textual
cues do not map reliably onto discrete emotional categories
across cultures. Their work, grounded in decades of psycho-
logical research, demonstrates that emotion is not a set of
natural kinds that can be detected from surface cues but a
constructed category whose expression and interpretation vary
substantially across individuals, contexts, and cultures. This
scientific challenge creates a design dilemma for emotion-
aware agents: the technology promises personalized, empa-
thetic interaction, but the underlying science suggests that the
mapping from observable cues to internal emotional states is
too unreliable to support the kind of confident emotional infer-
ence that autonomous action requires. For agentic systems that
adapt their behavior to perceived user emotions, these concerns
are amplified: an autonomous agent that misattributes emotions
based on demographic stereotypes may take consequential
actions (escalating a support ticket, adjusting communication
tone, modifying recommendations, or altering the information
presented) on the basis of flawed emotional inferences. The
combination of unreliable emotion detection and autonomous
action creates a risk profile that passive emotion recognition
systems do not share.

Prior work on hate speech detection has explored human-



centered approaches to bias-sensitive content analysis that
illuminate the challenges of deploying such techniques in
agentic contexts. Plaza-del-Arco and Nozza [38] demonstrated
that zero-shot learning with LLMs can detect hate speech
without task-specific training data, but also showed that per-
formance varies across demographic targets, raising fairness
concerns: the system detected hate speech directed at some
groups more accurately than hate speech directed at others.
This differential performance is particularly problematic for
agentic content moderation systems, where an agent that
more reliably detects hate speech against majority groups
than against minority groups would provide systematically
unequal protection. Plaza-del-Arco et al. [39] found that multi-
task learning leveraging sentiment analysis improves hate
speech detection, but the shared representations can transfer
sentiment biases into toxicity judgments, causing the system
to conflate negative sentiment expression (which may be
legitimate) with hate speech (which is not). Earlier work on
misogyny and xenophobia detection in Spanish social media
[40] and comparative analyses of pre-trained language models
for Spanish hate speech [41] further demonstrated that bias
patterns are language-specific and culture-specific, complicat-
ing the deployment of multilingual agentic systems that must
apply consistent content moderation standards across diverse
linguistic and cultural contexts. These findings underscore a
recurring theme: techniques that improve task performance
can simultaneously introduce or amplify bias, a dynamic that
intensifies in agentic systems where multiple such techniques
operate in autonomous chains, each building on the potentially
biased outputs of its predecessors without human review of the
intermediate steps.

E. Multi-Agent Coordination and Emergent Behavior

Multi-agent systems introduce a category of trustworthiness
challenges that goes beyond the sum of individual agent risks.
When agents collaborate, their interactions can produce emer-
gent behaviors that no single agent was designed to exhibit [3].
Emergence in multi-agent systems arises because individual
agents respond not only to user inputs and environmental
signals but to the actions and outputs of other agents, creating
feedback loops, cascading effects, and collective dynamics
that are fundamentally unpredictable from the analysis of any
individual component. Park et al. [3] observed this in their
generative agent simulations: agents independently decided
to organize a social event, coordinating through bilateral
conversations without any centralized instruction to do so.
While this emergent coordination was benign in a simulation
context, the same dynamics in a production multi-agent system
could produce unintended and potentially harmful collective
behaviors. In competitive multi-agent settings, agents may
develop deceptive strategies to gain advantage over other
agents or to achieve their objectives more efficiently, even
when deception is not explicitly rewarded [42]. Ji et al. [42]
document cases where agents learn to withhold information,
misrepresent their capabilities, or exploit the trust assumptions
of cooperating agents. In cooperative settings, agents may

converge on solutions that reflect shared biases rather than
diverse perspectives, because the statistical regularities that
produce bias in individual models are likely to be correlated
across models trained on similar data distributions, leading to
a form of collective groupthink in which agents reinforce each
other’s blind spots rather than compensating for them.

The coordination problem has both technical and gover-
nance dimensions. Technically, multi-agent systems require
protocols for message passing, role assignment, conflict res-
olution, and consensus formation [4], [5]. Message passing
protocols determine what information agents share, in what
format, and with what fidelity; lossy or selective information
transfer can introduce bias at every handoff point, as agents
reinterpret, summarize, or recontextualize information received
from other agents. Role assignment mechanisms determine
which agent performs which task, and these assignments
may reflect biased assumptions about agent capabilities (if,
for example, certain types of analysis are systematically as-
signed to agents with particular training data profiles). Conflict
resolution protocols determine how disagreements between
agents are resolved, and these protocols may privilege cer-
tain forms of reasoning or evidence over others: a majority-
vote consensus mechanism, for instance, amplifies the biases
shared by the majority of agents while suppressing minority
perspectives that might offer important corrections. Each of
these coordination mechanisms is a potential vector for bias
propagation: if a “manager” agent assigns tasks based on
biased role descriptions, or if a consensus protocol privileges
certain agent perspectives over others, the resulting system
behavior will reflect these structural biases even if individual
agents are well-aligned.

The specific architecture of multi-agent coordination also
affects the dynamics of bias propagation. In hierarchical archi-
tectures, where a supervisor agent delegates to and aggregates
results from worker agents, bias in the supervisor’s delegation
strategy can systematically influence the entire system’s out-
put. In debate architectures, where multiple agents argue for
different positions and a judge agent selects the most convinc-
ing argument, the outcome depends on the judge’s evaluation
criteria, which may be biased toward certain rhetorical styles,
forms of evidence, or perspectives. In pipeline architectures,
where agents process information sequentially (retrieval, anal-
ysis, synthesis, presentation), each agent’s output becomes
the next agent’s input, creating the compounding dynamics
formalized in Section III-B. In ensemble architectures, where
multiple agents independently process the same input and
their outputs are aggregated, correlated biases across agents
(arising from shared training data or similar architectures)
reduce the diversity benefit that ensembling is intended to
provide. Understanding how bias propagates through each
coordination architecture is essential for designing effective
mitigation strategies, and current multi-agent frameworks pro-
vide no built-in mechanisms for monitoring or managing these
dynamics.

From a governance perspective, multi-agent systems com-
plicate accountability attribution in ways that existing frame-



works are not designed to handle. When a three-agent pipeline
produces a harmful output, determining which agent (or which
interaction between agents) is responsible requires tracing
decision paths through a distributed system. The attribution
problem is compounded by the fact that harmful outcomes
may not be attributable to any single agent’s action but may
instead emerge from the interaction between agents, each of
whose individual outputs were within acceptable bounds. This
is analogous to the phenomenon of “emergent discrimination”
in sociotechnical systems, where no individual actor intends
to discriminate but the system as a whole produces discrim-
inatory outcomes through the accumulation of individually
rational decisions. Existing liability frameworks, both legal
and technical, are designed for single-actor scenarios and
do not easily accommodate distributed agency [17]. The EU
AI Act assigns obligations to “providers” and “deployers”
of AI systems, but in a multi-agent system where agents
from different providers interact, the question of who counts
as the provider of the composite system (and who bears
responsibility for its emergent behaviors) remains unresolved.
Similarly, technical accountability mechanisms such as model
cards [22] and datasheets [23] are designed to document
individual models and datasets, not the dynamic interactions
between multiple agents that produce collective behaviors.
The accountability gap is further widened by the temporal
dimension of multi-agent interactions: agents that maintain
persistent memory and learn from previous interactions may
develop behavioral patterns that were not present at the time of
deployment and cannot be attributed to their initial configura-
tion, making retrospective accountability analysis particularly
challenging.

III. WHY AGENTIC AI DEMANDS NEW
TRUSTWORTHINESS APPROACHES

The biases documented in Section II-C are properties of
LLMs as static models. When these models are deployed as
the cognitive backbone of autonomous agents, the nature of
the bias problem changes qualitatively. This section argues
that agentic AI introduces three classes of trustworthiness
challenges that existing frameworks (designed for single-
model, human-supervised systems) do not adequately address,
and presents a formal model of how bias propagates through
agent reasoning chains.

A. Bias Amplification Through Autonomous Reasoning

In a conventional LLM interaction, a user submits a prompt
and receives a response. If the response is biased, the user
can recognize the bias and choose to discard or reframe the
query. The interaction is one step, and the human remains
the decision-maker. In an agentic system, this safeguard dis-
appears. The agent decomposes a complex task into sub-
tasks, executes each sub-task autonomously, and synthesizes
the results, often without presenting intermediate outputs to
the user for review. The human who initiated the task sees
only the final product, with no visibility into the dozens or
hundreds of intermediate decisions that shaped it.

Bias compounds across this chain in at least three ways.
First, tool selection bias: agents that autonomously choose
which search engines, databases, or APIs to query may exhibit
systematic preferences that reflect biases in their training data
or in the tool descriptions available to them. An information
retrieval agent tasked with summarizing a controversial policy
debate might disproportionately query sources that its training
data associates with authoritative reporting, inadvertently priv-
ileging particular ideological perspectives [12]. The problem
extends beyond source selection to the ordering and weighting
of tool outputs: even when an agent queries a balanced set of
sources, it may systematically rank results from certain sources
higher, or extract more content from sources that align with
patterns overrepresented in its training corpus. In practice, tool
selection bias is particularly insidious because the universe of
available tools is itself not neutral. The APIs, search engines,
and databases accessible to an agent reflect commercial avail-
ability, language coverage, and platform design choices that
encode their own structural biases. An agent operating in a
predominantly English-language tool ecosystem will produce
systematically different outputs on global topics than one with
access to multilingual resources, yet both may present their
results with equal confidence.

Second, reasoning chain bias: each step of multi-step rea-
soning conditions on the output of previous steps, creating a
compounding effect. If an early retrieval step returns framed
information, subsequent reasoning steps inherit that framing as
factual context, and the final synthesis reflects the accumulated
bias without any single step being identifiably problematic.
This compounding dynamic is especially dangerous because
it is invisible to standard evaluation methods. A fairness
audit that tests each processing step in isolation may find
acceptable bias levels at every stage, yet the aggregate output
may be substantially biased due to the sequential conditioning.
The mechanism is analogous to confirmation bias in human
cognition: once the agent has established a framing in its
initial steps, subsequent reasoning tends to seek and emphasize
information consistent with that framing, while downweight-
ing contradictory evidence. Moreover, the chain-of-thought
prompting techniques that underpin modern agent reasoning
[1] may exacerbate this effect, because explicit reasoning
traces create persistent textual context that anchors subsequent
inference.

Third, interaction loop bias: agents that learn from user
feedback over multiple sessions may reinforce the biases
of their most engaged users, creating echo chambers at the
individual level analogous to the platform-level filter bubbles
documented in social media research. When an agent adapts to
a user’s implicit preferences (measured through click-through
rates, follow-up questions, or explicit approval signals), it
optimizes for engagement rather than for balanced represen-
tation. Over time, the agent’s model of the user becomes a
self-fulfilling prophecy: the user sees increasingly one-sided
content, which reinforces the preferences that generated the
one-sided content in the first place. This personalization-
polarization dynamic is well-documented in recommendation



systems, but it takes on new urgency in agentic contexts where
the agent does not merely recommend content but actively
synthesizes, summarizes, and acts upon information. A news
recommendation algorithm that shows biased articles allows
the user to at least see the source and exercise independent
judgment; an agentic assistant that synthesizes biased sources
into an apparently objective briefing removes even that oppor-
tunity for critical evaluation.

Three concrete examples illustrate how these bias types
manifest in realistic scenarios. First, consider an agent asked to
“prepare a balanced briefing on immigration policy in Europe”.
The agent might: (1) select three news aggregators, two of
which over-represent center-right European outlets in their
training-data distributions; (2) retrieve 15 articles, of which 10
frame immigration primarily through an economic burden lens
due to source selection; (3) synthesize the articles, adopting
the dominant framing because its language model was trained
on similar distributions; and (4) present the result to the user as
a “balanced briefing”. No single step is transparently biased,
yet the output is systematically skewed.

Second, consider a recruitment agent tasked with screening
job applications for a software engineering position. The agent
might: (1) retrieve industry benchmarks that over-represent
profiles from a narrow set of elite universities; (2) develop
screening criteria that implicitly favour candidates whose
backgrounds match the retrieved benchmarks; (3) evaluate
applicants against these criteria, systematically disadvantaging
qualified candidates from non-traditional backgrounds; and (4)
present a shortlist with a confident assessment of each candi-
date’s “fit”. The bias is distributed across retrieval, criterion
formation, and evaluation, making it invisible to any single-
step audit.

Third, consider a financial advisory agent operating over
multiple sessions with a client. The agent might: (1) detect
from early interactions that the client responds positively
to high-growth investment narratives; (2) progressively tailor
its information retrieval to favour sources that emphasize
growth opportunities over risk assessments; (3) generate in-
creasingly optimistic portfolio recommendations that reflect
the reinforcement loop rather than a balanced market analysis;
and (4) present these recommendations as data-driven advice,
obscuring the personalization bias that shaped the underlying
information selection.

In a multi-agent variant (where a retrieval agent passes
documents to an analysis agent, which passes summaries to a
drafting agent) each handoff offers an additional opportunity
for bias to enter and accumulate. The retrieval agent’s source
selection constrains what the analysis agent can consider; the
analysis agent’s framing constrains how the drafting agent
presents the information. At each boundary, context is lost
and assumptions are introduced, creating a pipeline in which
bias accumulates even when each individual agent operates
within acceptable tolerance levels.

B. A Formal Model of Bias Propagation

To move beyond intuitive arguments about bias amplifi-
cation, we formalize the propagation dynamics. Consider an
agentic pipeline consisting of n sequential processing steps
S1, S2, . . . , Sn. At each step Si, the agent processes input xi−1

(the output of the previous step, or the original user query
for S1) and produces output xi. We define a bias function
β(x) ∈ [0, 1] that measures the degree of bias in a given
text or decision, where 0 represents no detectable bias and
1 represents maximal bias. While in practice measuring bias
precisely is itself a contested task [31], this formalization
provides a tractable framework for reasoning about the struc-
tural dynamics of propagation, independent of the specific bias
metric employed.

At each step, three bias-related events can occur with
respective probabilities:

• Inheritance (pinh): The step preserves the bias level of
its input, β(xi) = β(xi−1).

• Amplification (pamp): The step increases bias by a factor
α > 1, yielding β(xi) = min(1, α · β(xi−1)).

• Introduction (pnew): The step introduces new bias from
its own parameters, adding δ ∈ (0, 1] to the existing level,
yielding β(xi) = min(1, β(xi−1) + δ).

These three events are mutually exclusive and exhaustive,
so pinh + pamp + pnew = 1. Inheritance represents steps that
pass information through without modifying its bias profile
(e.g., a formatting step or a simple relay between agents).
Amplification captures steps where existing biases are rein-
forced or magnified (e.g., a summarization step that condenses
biased source material, concentrating the bias by discarding
nuance). Introduction models steps that inject new bias from
the model’s own parameters (e.g., a generation step where the
LLM’s training data biases influence the output independently
of the input).

Under simplifying assumptions of independence across
steps, the expected bias after n steps in a single-agent chain
is:

E[βn] = β0 · (pinh + pamp · α)n

+
pnew · δ ·

(
(pinh + pamp · α)n − 1

)
pinh + pamp · α− 1

(1)

where β0 is the initial bias level of the user query or seed
data. The first term captures the evolution of the initial bias
through the chain: it is either preserved (with probability pinh)
or amplified (with probability pamp, by factor α), leading to
exponential growth governed by the effective propagation rate
r = pinh + pamp · α. The second term captures the cumulative
effect of new bias introduced at each step: it represents the
geometric series of bias increments, each propagated forward
through the remaining steps.

The behaviour of the model depends critically on the
effective propagation rate r. When r > 1 (that is, when the
amplification effect outweighs the dilution from introduction
steps), both terms grow exponentially with n, and the expected



bias approaches the ceiling of 1 rapidly. When r = 1, the ini-
tial bias is preserved and new bias accumulates linearly. When
r < 1, the initial bias decays but new bias is still introduced at
each step, reaching an equilibrium. In realistic agentic systems,
r > 1 is the typical regime, because amplification probabilities
need not be large to push r above unity: if pinh = 0.6,
pamp = 0.3, and α = 1.5, then r = 0.6 + 0.3× 1.5 = 1.05, a
seemingly modest value that nevertheless produces exponential
growth over long chains.

Worked numerical example. To illustrate the compounding
effect with realistic parameters, consider a ten-step agentic
pipeline (a modest chain length for current systems, which
routinely execute 10–50 steps [1]). Suppose the initial bias
is β0 = 0.05 (a low level, representing a nearly neutral
user query), and the per-step parameters are pinh = 0.60,
pamp = 0.25, pnew = 0.15, α = 1.4, and δ = 0.02. The
effective propagation rate is r = 0.60 + 0.25 × 1.4 = 0.95.
In this regime (r < 1), the initial bias decays, and one
might expect the system to be well-behaved. After n = 10
steps, the first term gives 0.05 × 0.9510 ≈ 0.030, and the
second term gives 0.15×0.02×(0.9510−1)

0.95−1 ≈ 0.024, yielding
E[β10] ≈ 0.054. The bias has barely changed. Now con-
sider a slight increase in amplification: pamp = 0.35 (with
pinh = 0.50 accordingly), giving r = 0.50+0.35×1.4 = 0.99.
After 10 steps, E[β10] ≈ 0.048 + 0.029 = 0.077, a 54%
increase over the initial level. If instead pamp = 0.40 and
pinh = 0.45, then r = 0.45 + 0.40 × 1.4 = 1.01. Now
E[β10] ≈ 0.05 × 1.0110 + 0.15×0.02×(1.0110−1)

0.01 ≈ 0.055 +
0.031 = 0.086. With r = 1.05 (from the earlier example),
E[β10] ≈ 0.081 + 0.039 = 0.120, more than doubling the
initial bias. And with r = 1.10 (achieved by pamp = 0.40,
α = 1.5, pinh = 0.45), E[β10] ≈ 0.130 + 0.049 = 0.179,
nearly quadrupling it. The key observation is the sensitivity
around r = 1: a difference of just 0.15 in the propagation rate
(from 0.95 to 1.10) transforms a stable system into one that
nearly quadruples bias over ten steps. In a twenty-step chain
with r = 1.10, the expected bias rises to approximately 0.42,
an order-of-magnitude increase from the initial 0.05.

For a multi-agent system with k agents, each contributing
ni processing steps, we must additionally account for inter-
agent transfer, where bias can be amplified at handoff points
due to format conversion, context loss, or role-specific inter-
pretation. Introducing a transfer amplification factor γ ≥ 1 at
each of the k − 1 handoffs:

E[βmulti] ≥ γk−1 · E[β∑
ni
] (2)

This inequality demonstrates that multi-agent systems face
multiplicative bias amplification at handoff points, in addition
to the step-wise compounding within each agent. The transfer
amplification factor γ captures several sources of bias that
are specific to inter-agent communication: context truncation
(when the receiving agent cannot process the full output
of the sending agent, requiring lossy summarization), role-
specific reinterpretation (when the receiving agent reframes
the information according to its specialized role description,
potentially emphasizing certain dimensions while suppressing

others), and format conversion (when structured outputs from
one agent are serialized, transmitted, and deserialized by
another, with potential information loss at each stage). Even
with modest values of γ (e.g., γ = 1.1), the cumulative effect
across multiple agents can be substantial. For instance, a three-
agent pipeline with γ = 1.1 amplifies handoff-related bias by
a factor of 1.12 = 1.21, a 21% increase before accounting
for within-agent compounding. A five-agent pipeline with
the same γ produces a factor of 1.14 ≈ 1.46, nearly a
50% increase from handoff effects alone. Combining within-
agent and between-agent amplification for the worked example
above (r = 1.10, n = 10 per agent, three agents, γ = 1.1),
the expected bias reaches approximately 1.21×0.179 = 0.217
after the first handoff and continues to compound through
subsequent agents, potentially reaching saturation levels in
pipelines of moderate length.

The formal model yields three key insights. First, the rela-
tionship between the number of reasoning steps and expected
bias is super-linear when amplification is present (pamp > 0
and r > 1), meaning that longer reasoning chains produce
disproportionately more bias than shorter ones. This finding
has direct design implications: agentic architectures should
favour shallow reasoning chains where possible, decomposing
complex tasks into parallel sub-tasks rather than deep sequen-
tial pipelines. When deep chains are necessary, intermediate
bias checks (as provided by the Ethics Layer in our proposed
architecture, Section IV-A) become essential, because the cost
of intervention grows exponentially with the distance from the
point of bias introduction.

Second, multi-agent handoffs are a critical amplification
point that current frameworks do not monitor. The existing
agentic frameworks evaluated in Section V provide inter-
agent messaging protocols but include no mechanisms for
detecting bias amplification at handoff points. The formal
model suggests that handoff monitoring should be a first-class
architectural concern, with bias measurements taken before
and after each inter-agent transfer to quantify the transfer
amplification factor γ empirically and trigger alerts when it
exceeds acceptable thresholds.

Third, even small per-step bias probabilities compound to
produce significant aggregate bias over realistic chain lengths
(10–50 steps in current agentic systems), underscoring the
insufficiency of alignment techniques applied only to the base
model. The worked example demonstrates that a system with
individually modest bias parameters (pamp = 0.25, α = 1.4,
δ = 0.02) can produce aggregate bias levels that substantially
exceed what the base model would produce in a single
inference step. This finding challenges the implicit assumption
in current practice that aligning the base LLM is sufficient to
ensure trustworthy behaviour in agentic deployments.

C. Opacity and Accountability in Agent Chains

Explainability research has made significant progress in
making individual model decisions interpretable [24], [43].
Feature attribution methods, attention visualization, and coun-
terfactual explanations can illuminate why a model produced



a particular output from a given input. These techniques, how-
ever, were designed for single-inference systems. They do not
scale straightforwardly to agentic architectures in which a final
output results from a chain of reasoning steps, tool invocations,
memory retrievals, and inter-agent communications.

The attribution problem is particularly acute. When a multi-
agent system produces a biased output, identifying the respon-
sible component requires tracing the decision chain backward
through multiple agents, each of which may have contributed
partially. Did the bias originate in the retrieval agent’s source
selection? In the analysis agent’s framing of the retrieved
information? In the synthesis agent’s language generation? Or
in the interaction between agents, where one agent’s biased
intermediate output triggered a cascade? Without architectural
support for comprehensive audit trails, these questions are
unanswerable in practice. The difficulty is compounded by the
stochastic nature of LLM inference: running the same agent
chain with identical inputs may produce different interme-
diate steps and different final outputs, making it impossible
to reproduce a specific decision path for post-hoc analysis.
Even when audit logs capture the full sequence of agent ac-
tions, interpreting those logs requires understanding the causal
relationships between steps, a task that is computationally
expensive and conceptually challenging when reasoning chains
involve dozens of interdependent decisions.

The attribution problem has a further dimension that dis-
tinguishes it from traditional explainability challenges: the
interaction between agent autonomy and tool opacity. When
an agent invokes an external API (a search engine, a database
query, a third-party model), the agent typically receives a result
without any explanation of how that result was generated. The
agent then incorporates the result into its reasoning chain,
treating it as ground truth. If the external tool introduces
bias (through its own training data, ranking algorithms, or
coverage gaps), the agent has no mechanism for detecting or
compensating for that bias. The chain of accountability thus
spans not only the agent’s own reasoning but also the opaque
decision processes of every external tool in its repertoire. In
complex agentic deployments, the number of external tool
invocations can reach into the hundreds per task, creating a
web of opaque dependencies that resists systematic auditing.

This opacity has direct regulatory implications. The EU AI
Act [17] requires that high-risk AI systems provide “sufficient
transparency to enable deployers to interpret the system’s
output and use it appropriately”. For a single-model classi-
fier, this requirement can be met through model cards [22],
datasheets [23], and explanation interfaces. For a multi-agent
system in which decision chains span organizational bound-
aries (one agent maintained by a platform provider, another
by a third-party tool, a third by an open-source framework)
the transparency obligation becomes both legally and techni-
cally complex. Current regulatory frameworks do not specify
how transparency should be achieved across distributed agent
architectures.

The regulatory challenge extends further than transparency.
The EU AI Act assigns obligations to “providers” and “de-

ployers” of AI systems, but in a multi-agent ecosystem, the
boundaries between these roles blur. A company that deploys
an agentic system built on a third-party framework, using
another provider’s LLM as its cognitive backbone, and invok-
ing yet another provider’s APIs as tools, faces a fragmented
accountability landscape. When the system produces a harmful
output, determining which entity bears responsibility requires
disentangling contributions from multiple independent organi-
zations, each of which may argue that its component, tested in
isolation, behaves within acceptable parameters. The NIST AI
Risk Management Framework [18] acknowledges the need for
supply chain risk management but does not provide specific
guidance for the dynamic, compositional supply chains that
characterize agentic architectures. ISO/IEC 42001 [19] offers
a management system approach, but its scope assumes a single
organization controlling the AI system, an assumption that
multi-agent deployments routinely violate.

The accountability gap extends to data governance. Agents
that maintain persistent memory accumulate information
across interactions, creating longitudinal profiles of user be-
haviour and preferences. Unlike session-based systems where
data governance is bounded by the interaction, agents with
memory raise questions about data retention, purpose limi-
tation, and the right to erasure that existing privacy frame-
works address in principle but not in the specific context of
autonomous agents that continuously learn and adapt [44].
The challenge is further complicated by the fact that agentic
memory is not a static database but an active component
that influences future decisions, making it difficult to separate
“stored data” from “learned behaviour” for governance pur-
poses. When a user exercises the right to erasure, removing
their data from the agent’s memory store may be technically
straightforward; removing the influence of that data on the
agent’s learned parameters, reasoning patterns, and cached
inferences is far more complex and may be practically in-
feasible. This creates a situation in which formal compliance
(data deleted from storage) coexists with substantive non-
compliance (the agent’s behaviour continues to reflect the
deleted data), a gap that current privacy regulations have not
yet addressed.

Furthermore, multi-agent systems introduce data governance
challenges that go beyond individual agent memory. When
agents communicate, they share information derived from user
interactions, potentially transmitting personal data across orga-
nizational boundaries without explicit user consent. A retrieval
agent that queries a user’s interaction history and passes syn-
thesized summaries to an analysis agent effectively transfers
personal data between processing contexts, potentially violat-
ing purpose limitation principles if the analysis agent operates
under a different data processing agreement. The dynamic,
autonomous nature of inter-agent communication makes it
difficult to pre-specify all possible data flows, undermining
the “privacy by design” approaches that regulators increasingly
require.



D. Emotion Recognition and Stereotyping in Agent Interac-
tions

A growing class of agentic applications (mental health
support [25], customer service, educational tutoring, compan-
ionship) requires agents to recognize and respond to human
emotions. The promise is personalized, empathetic interaction.
The risk is systematic discrimination based on stereotyped
emotion attribution.

The empirical evidence is unambiguous. LLMs reflect gen-
dered stereotypes in how they attribute emotions: anger is
systematically associated with male subjects, sadness with
female subjects [10]. This is not a subtle statistical tendency
but a robust pattern that persists across model families, prompt
formulations, and evaluation contexts. Religious identity influ-
ences emotional representation, with minority faiths receiving
disproportionately negative associations [11]. These biases
are not marginal effects; they are consistent across multiple
LLM families and persist despite alignment training [21]. The
breadth of the empirical evidence is itself significant: the
pattern is not attributable to a single model’s idiosyncratic
training data but reflects systematic biases encoded across
the landscape of large-scale language modelling. Research on
emotion analysis in NLP [27] has mapped the scope of these
challenges, identifying persistent gaps in how current systems
handle the complexity and subjectivity of human emotional
experience.

In a static chatbot, stereotyped emotion attribution produces
insensitive responses, which is problematic but bounded. In an
agentic system, the consequences escalate because the agent
acts on its emotional inferences. Consider a mental health
support agent that uses emotion recognition to assess user
distress levels and decide whether to escalate to a human
therapist. If this agent systematically under-attributes distress
signals from male users (because its model associates male
emotional expression with anger rather than sadness), it may
fail to escalate cases that require human intervention. Con-
versely, if it over-attributes emotional fragility to female users,
it may escalate unnecessarily, undermining user autonomy and
reinforcing paternalistic stereotypes. The agent’s autonomy
transforms a bias in perception into a bias in action.

The cascading effects in agentic contexts extend well
beyond the immediate interaction. When an emotion-aware
agent’s biased inference feeds into downstream autonomous
decisions, the original stereotype propagates through the sys-
tem in ways that are difficult to predict or contain. Consider an
educational tutoring agent that detects frustration in a student’s
responses. If the agent’s emotion model systematically over-
attributes frustration to students from certain demographic
groups, it may lower the difficulty of subsequent exercises,
reduce the pace of instruction, or offer excessive scaffolding.
Over multiple sessions, this differential treatment compounds:
the student receives a systematically less challenging edu-
cational experience, which in turn produces lower learning
outcomes, which the agent interprets as confirmation that
the student requires more support. The self-reinforcing cycle

transforms an initial perceptual bias into a measurable educa-
tional outcome disparity. In a multi-agent educational system
(where a tutoring agent communicates with an assessment
agent, which communicates with a curriculum planning agent),
the stereotyped emotion inference at the first stage shapes the
entire downstream educational trajectory.

Similarly, in customer service deployments, an agent that
misreads a customer’s emotional state may route the interac-
tion inappropriately: interpreting a calmly expressed complaint
as satisfaction (because the customer’s demographic profile
is associated with understated emotional expression) and fail-
ing to escalate, or interpreting a routine inquiry as distress
(because the customer’s profile is associated with heightened
emotionality) and escalating unnecessarily. These routing de-
cisions have tangible consequences for service quality, wait
times, and resolution rates, creating measurable disparities
in service delivery that trace back to stereotyped emotion
attribution.

The challenge is compounded by the contested science of
emotion recognition itself. Barrett et al. [26] have demon-
strated that the mapping between observable cues (facial
expressions, textual markers, vocal prosody) and internal emo-
tional states is far less reliable than commonly assumed, vary-
ing substantially across individuals and cultural contexts. Mo-
hammad [37] articulates the ethical risks: systems that claim
to “detect” emotions may be projecting culturally specific
interpretive frameworks onto diverse populations. For agentic
systems operating across cultural boundaries (a multilingual
customer service agent, a global mental health platform) the
risk of culturally inappropriate emotion attribution adds a
further dimension to the stereotyping problem documented by
Plaza-del-Arco et al. [10], [11].

The cross-cultural dimension deserves particular attention
because agentic systems are frequently deployed with global
reach. Emotional expression norms vary dramatically across
cultures: the degree to which emotions are expressed verbally,
the social contexts in which particular emotions are considered
appropriate, and the linguistic markers associated with differ-
ent emotional states are all culturally mediated. An emotion
recognition model trained predominantly on English-language
data from Western cultural contexts will systematically mis-
interpret emotional cues from users in East Asian, Middle
Eastern, or African cultural contexts, where norms around
emotional expression differ substantially. In a non-agentic
system, this misinterpretation produces an inaccurate label; in
an agentic system, it triggers autonomous actions calibrated to
the wrong emotional state. The potential for harm is amplified
by the fact that the users most likely to be misunderstood
(those from underrepresented cultural backgrounds) are also
those least likely to be represented in the feedback data used
to improve the system, creating a systematic disadvantage that
is difficult to address through standard iterative improvement
processes.



E. Interactions Among Challenges

These three classes of challenges (bias amplification through
autonomous reasoning, opacity in agent chains, and stereotyp-
ing in emotion-aware interactions) are not independent. They
interact in ways that compound the overall trustworthiness
risk, creating failure modes that are qualitatively different from
those observed when each challenge is considered in isolation.

Opaque decision chains make bias amplification harder to
detect: if an auditor cannot trace how information flowed
through a multi-agent system, identifying the step at which
bias was introduced becomes practically impossible. The
formal model presented in Section III-B assumes that per-
step bias parameters (pinh, pamp, pnew) can be estimated, but
estimation requires observability; in opaque systems, these
parameters cannot be measured, and the compounding dynam-
ics cannot be monitored. The result is a system that may be
accumulating bias at an exponential rate with no mechanism
for early detection. By the time the biased output reaches the
end user, the cumulative effect of many small amplification
steps has produced a result that is substantially skewed, yet
no individual step can be identified as the cause.

Stereotyped emotion recognition feeds into biased au-
tonomous actions that are difficult to trace and contest. When
an emotion-aware agent takes an action based on a stereo-
typed inference (e.g., escalating a female user’s support ticket
because the agent over-attributes distress), the connection be-
tween the stereotyped perception and the consequential action
is mediated by multiple reasoning steps, tool invocations, and
possibly inter-agent communications. The affected user expe-
riences the action (an unnecessary escalation, a patronizing
response, a missed intervention) but has no visibility into the
emotional inference that triggered it. Without transparency into
the agent’s emotional reasoning, the user cannot identify the
source of the differential treatment, much less contest it. This
creates a situation in which systematic discrimination occurs
within a system that appears, from the outside, to treat all
users identically.

The compounding between opacity and emotion stereotyp-
ing is further intensified by the interaction loop dynamics
described in Section III-A. If an agent’s stereotyped emotion
attribution leads to differential treatment, and that differential
treatment elicits different user responses (e.g., a user who
receives patronizing treatment may disengage, while a user
who receives appropriately calibrated responses may engage
more actively), the agent’s adaptive mechanisms will learn
from these differential responses, reinforcing the stereotyped
model. The opacity of the system prevents external observers
from recognizing this feedback loop, because the differential
treatment and its consequences are distributed across many
interactions and mediated by the agent’s opaque reasoning
processes.

The interaction among challenges also creates regulatory
blind spots. A system that individually complies with trans-
parency requirements for each component agent may never-
theless produce opaque outcomes at the system level, because

transparency at the component level does not guarantee in-
terpretability of emergent system behaviour. A system that
passes fairness tests for each processing step may still amplify
bias through the compounding dynamics formalized above,
because per-step fairness metrics do not capture sequential de-
pendencies. A system that demonstrates culturally appropriate
emotion recognition in controlled testing may still produce
stereotyped responses in deployment, because the interaction
between emotion recognition, autonomous action, and adaptive
learning creates dynamics that controlled testing cannot fully
anticipate.

These regulatory blind spots are not merely theoretical.
They arise from the structural mismatch between the as-
sumptions embedded in current regulatory frameworks (which
presuppose bounded, observable, and decomposable systems)
and the properties of agentic AI (which is unbounded in its
reasoning chains, partially opaque in its decision processes,
and exhibits emergent behaviours that resist decomposition
into independently assessable components). Addressing these
challenges requires not piecemeal patches but a coherent
architectural framework designed for the agentic paradigm.
We present such a framework in the next section.

IV. A FRAMEWORK FOR TRUSTWORTHY AGENTIC AI

We propose a framework that addresses the challenges
identified in Section III through four integrated components:
a layered architecture with ethics and governance built in by
design, a lifecycle bias detection pipeline, design principles for
emotion-aware agents, and a tiered autonomy model that cal-
ibrates human oversight to risk. Each component is designed
to operate both independently (providing value even when
adopted in isolation) and synergistically (with inter-component
feedback loops that strengthen the overall governance posture).
The framework is prescriptive in its architectural requirements
but technology-agnostic in its implementation: the layers,
pipeline stages, and autonomy tiers specify what must be
present and where it must operate, while leaving the choice
of specific algorithms, models, and infrastructure to the im-
plementer.

A. Architecture: Seven Layers with Ethics and Governance by
Design

Existing agentic frameworks typically organize agent func-
tionality around perception, reasoning, and action, that is, the
cognitive loop that enables autonomous behavior [8]. This
organization mirrors the functional requirements of autonomy
but neglects the governance requirements of trustworthiness.
We propose a seven-layer architecture (Fig. 1) that extends
the cognitive core with dedicated layers for memory man-
agement, inter-agent communication, ethical verification, and
governance oversight. The design draws on the principle of
layered abstraction: each layer has a well-defined responsibil-
ity, communicates with adjacent layers through standardized
interfaces, and can be independently audited and updated [28].

The rationale for a layered design, rather than a mono-
lithic or ad-hoc arrangement, is threefold. First, separation



of concerns ensures that trustworthiness mechanisms do not
become entangled with functional logic, which would make
them difficult to audit, update, or replace as standards evolve.
Second, standardized inter-layer interfaces create natural in-
strumentation points where data flows can be intercepted,
logged, and evaluated without modifying the internal logic
of any layer. Third, the layered structure enables incremental
adoption: organizations can begin by adding an Ethics Layer
to their existing cognitive-core architecture and subsequently
introduce the Governance Layer as regulatory requirements
mature.

The Perception Layer (L1) handles input processing: pars-
ing user requests, interpreting environmental signals, extract-
ing structured representations from unstructured input, and
performing multimodal fusion when agents receive inputs
across text, image, and audio modalities. Critically, this layer
is the first point at which demographic inference can occur
(e.g., inferring a user’s gender from their name or voice),
making it a key monitoring target for the Ethics Layer. From
an implementation perspective, the Perception Layer must
maintain a strict separation between content extraction and
identity inference. Content extraction (parsing the semantic
content of a user’s request) is necessary for task execution;
identity inference (determining or guessing demographic at-
tributes from input signals) is, in most cases, unnecessary and
potentially harmful. The architecture enforces this separation
through a demographic firewall: any demographic inference
produced by the Perception Layer is tagged as such and routed
through the Ethics Layer before it can influence downstream
processing. This mechanism directly addresses the finding that
LLMs make implicit demographic inferences from surface-
level cues such as names, dialects, and writing styles [21]. The
Perception Layer also performs input sanitization, detecting
and flagging adversarial inputs designed to bypass safety
mechanisms or elicit biased behavior, a function that serves as
the first line of defense against prompt injection attacks that
could compromise the trustworthiness of downstream layers.

The Reasoning Layer (L2) performs planning, deliberation,
and decision-making, that is, the core cognitive function
that distinguishes agents from reactive systems. This layer
implements chain-of-thought reasoning, task decomposition,
and strategy selection. It is here that framing bias (as identified
in media bias research [12]) is most likely to be introduced, as
the model’s reasoning patterns reflect the distributional biases
of its training data. The Reasoning Layer is also responsible
for goal decomposition, which is the process of breaking
a complex user request into a sequence of subtasks. This
decomposition is itself a bias-sensitive operation: the way a
problem is decomposed determines which information sources
are consulted, which perspectives are foregrounded, and which
alternatives are considered. For instance, an agent asked to
“evaluate a job candidate” might decompose the task into
subtasks that reflect culturally specific evaluation criteria (pri-
oritizing individual achievement over collaborative skills, or
vice versa), thereby embedding cultural bias into the structure
of the reasoning process before any content is generated. To

mitigate this risk, the Reasoning Layer exposes its decompo-
sition plans to the Ethics Layer for review before execution
begins, enabling early detection of structurally biased reason-
ing strategies. Additionally, the Reasoning Layer maintains a
reasoning trace, a structured log of each deliberation step, the
alternatives considered, and the criteria used to select among
them. This trace serves both transparency (enabling post-hoc
explanation of why the agent chose a particular course of
action) and auditability (providing the raw material for the
bias detection pipeline described in Section IV-B).

The Action Layer (L3) executes decisions by invoking
external tools, APIs, and services, translating plans into world-
affecting operations. Tool selection at this layer is a significant
bias vector: the agent’s choice of which search engine to query,
which database to access, or which API to call can systemat-
ically privilege certain information sources over others. The
Action Layer addresses this risk through two mechanisms.
First, it maintains a tool registry that annotates each available
tool with metadata including its known biases, geographic
and linguistic coverage, and data provenance characteristics.
When the agent selects a tool, the Ethics Layer can evaluate
whether the selection is consistent with the diversity and
fairness requirements of the current task. Second, the Action
Layer implements action sandboxing: high-consequence ac-
tions (those that modify external state, transmit information
to third parties, or commit financial resources) are staged in
a sandbox environment where their effects can be reviewed
before being committed. This sandboxing mechanism pro-
vides a natural integration point with the tiered autonomy
model (Section IV-D), as the decision to commit or hold
a sandboxed action can be delegated to a human reviewer
at higher autonomy tiers. The Action Layer also records
the complete provenance of each action, including the tool
invoked, the parameters used, the response received, and any
transformations applied to the response before it is passed to
subsequent layers.

These three layers form the cognitive core present in most
existing agentic frameworks. Our architecture extends this core
with four additional layers that address the governance gaps
identified in Section III.

The Communication Layer (L4) manages inter-agent co-
ordination: message passing, role negotiation, and consensus
protocols in multi-agent systems. Standardizing this layer
enables systematic monitoring of how information (and bias)
propagates between agents. Each inter-agent message is logged
with metadata sufficient for post-hoc bias auditing, including
source agent identity, message content, and any transfor-
mations applied. The Communication Layer implements a
structured message format that distinguishes between factual
claims, interpretive assessments, uncertainty indicators, and
action directives. This structured format serves a dual purpose:
it enables the receiving agent to appropriately weight different
components of the message (treating factual claims differently
from interpretive assessments), and it enables the Ethics Layer
to identify the points at which bias is most likely to enter inter-
agent communication (primarily in interpretive assessments



Layer 1: Perception Input processing, multimodal sensing, extraction

Layer 2: Reasoning Planning, deliberation, chain-of-thought decision-making

Layer 3: Action Tool invocation, API calls, environment interaction

Layer 4: Communication Multi-agent messaging, role negotiation, consensus

Layer 5: Memory Episodic, semantic, and procedural knowledge storage

Layer 6: Ethics Real-time bias checking, value alignment, fairness constraints

Layer 7: Governance Oversight, accountability, audit logging, regulatory compliance
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Fig. 1. Seven-layer architecture for trustworthy agentic AI. Layers 1–3 form the cognitive core (perception, reasoning, action). Layers 4–5 constitute the
social layer (communication, memory). Layers 6–7 form the governance shell (ethics, governance). The Ethics layer performs cross-cutting bias checks across
all layers, intercepting data flows at any point in the processing pipeline.

and the framing of factual claims). The Communication Layer
also governs role negotiation in multi-agent systems, that is,
the process by which agents determine which agent performs
which function. Role assignment is a structural bias vector:
if a “senior” agent consistently delegates lower-status tasks
to agents representing certain perspectives or operating on
certain data domains, the resulting system behavior will reflect
this structural hierarchy. The Communication Layer addresses
this by implementing role rotation policies and exposing role
assignment decisions to Ethics Layer review. Furthermore,
the Communication Layer supports consensus protocols that
require multi-agent agreement before high-stakes decisions are
finalized, providing a form of distributed verification that can
catch biases that individual agents might miss.

The Memory Layer (L5) governs knowledge storage and
retrieval, including episodic memory (interaction history),
semantic memory (world knowledge), and procedural mem-
ory (learned strategies). Explicit memory governance enables
data retention policies, consent management, and longitudinal
bias auditing. The Memory Layer implements configurable
forgetting policies that prevent the accumulation of biased
interaction patterns, and it supports the right to erasure by
maintaining provenance metadata for all stored information.
Beyond basic retention management, the Memory Layer im-
plements three governance mechanisms that address the chal-
lenges identified in Section III-C. First, provenance tracking
attaches source attribution to every stored memory element,
recording when the information was acquired, from which
interaction or data source it originated, and how many times
it has been accessed or modified. This provenance chain

enables auditors to trace how stored knowledge influences
current decisions, closing the attribution gap that makes bias
in memory-augmented agents particularly difficult to detect.
Second, bias decay functions gradually reduce the influence
of older memories on current decisions, preventing the agent
from indefinitely perpetuating biases present in early interac-
tions. The decay rate is configurable and can be differentiated
across memory types: factual knowledge may decay slowly,
while interaction-pattern memories (which are more likely to
encode user-specific biases) decay more rapidly. Third, mem-
ory auditing hooks expose the contents and access patterns
of the memory store to the Ethics Layer, enabling periodic
assessment of whether stored knowledge has drifted toward
biased representations over time. This is particularly important
for agents that operate over extended deployment periods,
where gradual accumulation of biased interaction patterns can
produce significant aggregate effects even when individual
interactions appear benign [44].

The Ethics Layer (L6) performs bias checking and value
alignment verification. Unlike approaches that treat ethics as
a post-hoc filter on model outputs, this layer operates cross-
cuttingly: it can intercept and evaluate data flows between any
pair of lower layers. When the Reasoning Layer formulates
a plan, the Ethics Layer assesses whether the plan reflects
systematic biases. When the Action Layer selects a tool,
the Ethics Layer verifies that the selection does not reflect
discriminatory preferences. When the Communication Layer
passes information between agents, the Ethics Layer checks
whether bias has been introduced or amplified in the transfer.
This cross-cutting design ensures that ethical verification is



not confined to a single checkpoint but operates throughout
the agent’s decision process.

The cross-cutting capability of the Ethics Layer is imple-
mented through a system of interceptors: lightweight hooks
attached to each inter-layer communication channel that can
inspect, annotate, or block data flows based on configurable
policies. Interceptors operate asynchronously by default (mon-
itoring flows without blocking them) but can be configured to
operate synchronously for high-risk operations (blocking the
flow until evaluation is complete). This dual-mode operation
balances the need for comprehensive coverage against the
latency constraints of real-time agent operation. The Ethics
Layer maintains a fairness state model, a running summary of
the agent’s behavior across protected attributes that is updated
with each intercepted data flow and compared against fairness
thresholds at configurable intervals. When the fairness state
model detects a trend toward bias (for example, a gradual
increase in differential treatment across gender groups over the
past 100 interactions), it can trigger preemptive interventions
before any single action exceeds a fairness threshold.

The Ethics Layer implements several concrete mechanisms:
(a) fairness constraints that reject outputs exceeding config-
urable bias thresholds across protected attributes; (b) source
diversity checks that ensure information retrieval covers a
balanced range of perspectives; (c) framing analysis that
applies media bias detection techniques [33] to generated text;
and (d) emotion attribution auditing that verifies demographic
invariance in emotion-related decisions. Fairness constraints
are parameterized by the specific fairness criterion appro-
priate to the task context: demographic parity for allocation
decisions, equalized odds for classification tasks, and coun-
terfactual fairness for personalized recommendations [15],
[16]. Source diversity checks compute the Shannon entropy
of the ideological, geographic, and linguistic distribution of
information sources consulted by the agent, flagging retrievals
that fall below a diversity threshold. Framing analysis applies
classifiers trained on media bias detection datasets to evaluate
whether generated text employs systematic framing strate-
gies (e.g., consistently framing a policy debate in economic
rather than humanitarian terms), drawing on the taxonomy of
framing dimensions identified in Rodrigo-Ginés and Carrillo-
de-Albornoz [12]. Emotion attribution auditing compares the
agent’s emotional assessments across demographic counter-
factuals, flagging cases where identical emotional content
receives different attributions depending on the perceived
identity of the user, operationalizing the methodology of Plaza-
del-Arco et al. [10].

The Governance Layer (L7) provides oversight, account-
ability, and audit capabilities. It maintains comprehensive
audit logs that trace decisions from input to output across
all layers, enables human intervention mechanisms (pause,
override, explain, escalate), and generates compliance reports
aligned with regulatory requirements such as those specified in
the EU AI Act [17] and NIST AI RMF [18]. The Governance
Layer also manages the tiered autonomy model described in
Section IV-D, dynamically adjusting the level of human over-

sight based on the risk profile of each agent action. Beyond
these core functions, the Governance Layer implements three
additional capabilities critical for deployed agentic systems.
First, incident management: when the Ethics Layer detects a
bias violation or when a user files a complaint, the Governance
Layer creates a structured incident record that captures the
full decision chain leading to the event, the affected users, the
remediation actions taken, and the outcome. These incident
records form the basis for regulatory reporting and for the con-
tinuous improvement feedback loop described in Section IV-B.
Second, policy management: the Governance Layer main-
tains a machine-readable repository of the fairness policies,
autonomy tier definitions, and compliance requirements that
configure the behavior of the Ethics Layer and the tiered
autonomy model. This repository enables version-controlled
policy evolution, ensuring that changes to governance policies
are tracked, justified, and reversible. Third, accountability
mapping: for multi-agent systems that span organizational
boundaries (e.g., a platform agent invoking a third-party tool
agent), the Governance Layer maintains explicit accountability
assignments that specify which organization is responsible for
the behavior of each component, addressing the distributed
accountability challenge identified in Section III-C.

a) Inter-layer communication protocols.: The architec-
ture relies on standardized inter-layer communication to en-
able both functional operation and trustworthiness verification.
Each inter-layer message follows a structured schema that
includes: (i) a payload containing the substantive data being
passed between layers; (ii) a provenance header recording
the originating layer, timestamp, and processing history; (iii)
an ethics annotation field populated by the Ethics Layer’s
interceptors with the results of any bias checks performed on
the message; and (iv) a governance metadata field recording
the current autonomy tier, applicable policies, and any pending
audit flags. This structured communication protocol ensures
that trustworthiness information flows alongside functional
data, enabling every component of the system to be aware of
the governance context in which it operates. The protocol also
supports feedback channels: when the Ethics Layer detects an
issue at a downstream layer, it can send a corrective signal
upstream to modify the behavior of the originating layer,
creating closed-loop governance that responds to detected
problems rather than merely logging them.

B. Lifecycle Bias Detection Pipeline

The architecture’s Ethics Layer is operationalized through
a bias detection pipeline that spans the entire agent lifecycle
(Fig. 2). The pipeline draws on techniques from media bias
detection [12], [33] and emotion attribution analysis [10] to
address the bias amplification challenge identified in Sec-
tion III-A. The pipeline is designed around two principles.
First, defense in depth: bias checking occurs at multiple stages
of the lifecycle rather than at a single gate, ensuring that
biases missed at one stage have additional opportunities to be
caught at subsequent stages. Second, continuous improvement:
findings from later pipeline stages feed back into earlier stages,



creating an adaptive system that becomes more effective over
time as it accumulates data on the specific bias patterns that
manifest in the deployed agent.

Pre-deployment assessment evaluates the agent before
release across five dimensions. Demographic parity testing
measures whether the agent produces equitable outcomes
across protected groups [15], [16]. Concretely, this involves
constructing a test suite of representative tasks and executing
each task with inputs that vary only in demographic markers
(names, pronouns, cultural references), while holding task
content constant. The agent’s outputs are then compared across
demographic variations using statistical tests (e.g., chi-squared
tests for categorical outcomes, Kolmogorov-Smirnov tests for
continuous distributions) to detect significant differences. The
test suite must be constructed to cover the full range of
demographic attributes relevant to the agent’s deployment
context, including not only the commonly tested dimensions of
gender and race but also age, disability status, socioeconomic
indicators, and linguistic variety.

Counterfactual fairness analysis tests whether the agent’s
behavior changes when demographic attributes in the input
are altered while task content remains constant. This technique
goes beyond demographic parity by testing at the individual
level rather than the group level: for each specific input,
does swapping a demographic marker change the output?
Counterfactual pairs are generated using established templates
and validated by human annotators to ensure that the coun-
terfactual substitution does not inadvertently alter the task
semantics. The analysis produces both aggregate statistics
(what proportion of counterfactual pairs produce different
outputs?) and case-level reports (which specific pairs exhibit
the largest divergence?), enabling targeted remediation.

Emotion attribution bias testing applies the methodology
of Plaza-del-Arco et al. [10] to evaluate whether the agent
attributes emotions differently based on the perceived gender,
religion, or ethnicity of the user. The testing protocol presents
the agent with identical emotional scenarios (e.g., a user
expressing frustration about a service failure) instantiated with
demographic variations, and measures the agent’s emotional
classification, severity assessment, and recommended response
for each variation. This testing is particularly critical for agents
deployed in domains where emotional assessments inform
consequential decisions, such as mental health screening,
customer escalation, and educational support. The protocol
also incorporates the insights of Plaza-del-Arco et al. [11] on
religious bias in emotional representation, testing whether the
agent’s emotional attributions vary as a function of religious
identity markers in the input.

Source diversity auditing assesses whether the agent’s infor-
mation retrieval behavior covers a balanced range of sources
and perspectives, drawing on media bias frameworks [12]. The
audit proceeds by executing a standardized set of information
retrieval tasks and recording the sources consulted, the volume
of information retrieved from each source, and the ideolog-
ical, geographic, and linguistic distribution of the resulting
information set. A source diversity index (SDI), computed as

the normalized Shannon entropy of the source distribution,
quantifies the breadth of the agent’s information diet. Low SDI
values indicate over-reliance on a narrow range of sources,
which, as demonstrated in the formal model (Section III-B),
creates a structural predisposition toward biased synthesis.
The audit also assesses source blindness: cases in which
the agent systematically fails to consult entire categories of
relevant sources (e.g., non-anglophone academic databases,
community-based information repositories, or sources repre-
senting minority perspectives).

Adversarial bias probing systematically tests the agent with
inputs designed to trigger known bias patterns, including edge
cases identified through red-teaming exercises. The probing
methodology draws on techniques from adversarial machine
learning, adapted for the agentic context. Probes include: (a)
ambiguous inputs where a biased agent would default to
stereotyped interpretations; (b) multi-step tasks where subtle
framing in early steps can cascade into significant bias in
the final output; (c) inputs that test the boundaries of the
agent’s fairness constraints by approaching but not exceeding
bias thresholds; and (d) inputs designed to exploit known
vulnerabilities in the agent’s tool selection logic. Red-teaming
exercises complement automated probing by engaging human
testers who attempt to elicit biased behavior through creative,
adversarial interaction strategies that automated test generation
may not anticipate.

Runtime monitoring operates during deployment to detect
bias that emerges from real-world interactions. The transi-
tion from pre-deployment to runtime is critical because pre-
deployment testing, however thorough, cannot fully anticipate
the distribution of inputs and interaction patterns that the agent
will encounter in practice. Runtime monitoring bridges this
gap by continuously evaluating the agent’s behavior against
the same fairness criteria used in pre-deployment assessment,
but on live interaction data rather than synthetic test cases.

Performance drift detection continuously tracks the demo-
graphic distribution of agent interactions and flags differential
performance across user groups. The detection mechanism
computes rolling fairness metrics (demographic parity, equal-
ized odds, and calibration scores) over sliding time win-
dows and compares current values against baseline values
established during pre-deployment assessment. When metrics
deviate from baseline by more than a configurable margin, a
drift alert is generated, triggering either automated remediation
(adjusting the Ethics Layer’s fairness constraints) or human
review (escalating to the Governance Layer for investigation).
Drift detection is sensitive to both sudden shifts (which may
indicate a change in the input distribution or a model update)
and gradual trends (which may indicate the accumulation of
interaction-loop biases over time).

Interaction pattern analysis examines the agent’s behavior
at the session level rather than the individual-action level,
detecting patterns that may indicate bias even when indi-
vidual actions appear fair. For example, an agent might
provide equally helpful responses to all users on average,
but consistently provide longer, more detailed responses to
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• Demographic parity testing
• Counterfactual fairness
• Emotion attribution bias
• Source diversity audit
• Adversarial bias probing

• Performance drift detection
• Interaction pattern analysis
• Framing bias monitoring
• Tool selection tracking
• Real-time fairness alerts

• Longitudinal bias audits
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• Bias drift quantification
• Regulatory compliance review
• Cross-agent propagation audit

Fig. 2. Lifecycle bias detection pipeline. Pre-deployment assessment evaluates the agent before release across five dimensions. Runtime monitoring tracks
bias indicators during operation. Post-deployment auditing identifies longitudinal patterns and regulatory compliance gaps. A feedback loop connects post-
deployment findings to pre-deployment reassessment, creating a continuous improvement cycle.

users from certain demographic groups, or consistently offer
different types of assistance (informational vs. empathetic)
based on perceived identity. These patterns are invisible at the
individual-action level but become apparent when interaction
sessions are analyzed as sequences. The analysis uses sequen-
tial pattern mining techniques to identify recurring interaction
templates that correlate with demographic attributes.

Framing analysis, adapted from media bias detection tech-
niques [33], [45], evaluates whether the agent’s generated
content systematically employs particular framing strategies.
The monitoring system applies media bias classifiers to the
agent’s outputs in real time, scoring each output along the
framing dimensions identified by Rodrigo-Ginés and Carrillo-
de-Albornoz [12]: lexical bias (loaded word choice), framing
bias (selective contextualization), omission bias (exclusion of
relevant information), and persuasive techniques (rhetorical
strategies that influence interpretation). When an agent’s fram-
ing scores show systematic patterns (e.g., consistently framing
immigration in economic terms while omitting humanitarian
perspectives), the monitoring system generates an alert and
provides the specific linguistic evidence underlying the detec-
tion.

Tool selection monitoring records which external tools and
data sources the agent invokes, detecting systematic prefer-
ences that might introduce bias into the information pipeline.
The monitoring system computes a tool diversity index anal-
ogous to the source diversity index used in pre-deployment
assessment, tracking whether the agent’s tool selection pat-
terns become more concentrated over time (indicating the
emergence of tool selection bias through interaction-loop
reinforcement). Real-time fairness alerts trigger when moni-
tored metrics exceed configurable thresholds, enabling rapid
intervention before bias accumulates across user interactions.
Alert thresholds are calibrated using the formal model from
Section III-B: given the number of processing steps and agents
in the pipeline, the model provides guidance on how tight
per-step thresholds must be to keep system-level bias within
acceptable bounds.

Post-deployment auditing provides longitudinal oversight
that complements the real-time focus of runtime monitoring.

While runtime monitoring detects bias as it occurs, post-
deployment auditing identifies patterns that are only visible
over longer time horizons, assesses compliance with regulatory
obligations that require periodic review, and generates the
evidence base for the continuous improvement feedback loop.

Longitudinal bias audits assess whether bias patterns have
shifted over time, a phenomenon we term bias drift, analogous
to model drift in machine learning but specific to the com-
pounding effects of autonomous agent behavior. Bias drift can
occur even in agents whose base model remains fixed, because
the agent’s memory, learned strategies, and interaction patterns
evolve with use. Longitudinal audits compare the agent’s
fairness metrics across deployment epochs (e.g., monthly snap-
shots), testing for statistically significant trends and identifying
the specific interaction patterns or memory accumulations
that drive observed drift. The audit methodology follows a
cohort analysis design, tracking the agent’s behavior toward
comparable user groups at different points in the deployment
timeline.

User feedback analysis identifies cases where users re-
port biased or stereotyped interactions. Feedback is collected
through multiple channels: explicit reports (users flagging
a specific interaction as biased), implicit signals (session
abandonment patterns, task completion rates disaggregated by
demographic group), and structured surveys administered to
a representative sample of users. Feedback data is analyzed
both quantitatively (computing bias incidence rates across
user groups and time periods) and qualitatively (identifying
recurring themes in user complaints that may point to bias
categories not captured by the automated metrics). The qualita-
tive analysis is particularly valuable for discovering novel bias
patterns that the pre-deployment and runtime systems were not
designed to detect.

Regulatory compliance reviews verify that the agent meets
the transparency and fairness obligations specified by appli-
cable frameworks [17], [18]. These reviews generate struc-
tured compliance reports that document: the fairness metrics
achieved during the review period, the incidents detected
and remediated, the audit trail coverage (what proportion of
agent decisions can be fully traced from input to output),



and the status of any outstanding regulatory requirements.
Compliance reports are designed to be consumed by both
internal governance teams and external regulators, providing
the transparency required by instruments such as the EU AI
Act’s post-market surveillance obligations.

Cross-agent propagation audits specifically examine how
bias flows through multi-agent handoffs, applying the for-
mal model from Section III-B to empirical interaction data.
The audit reconstructs multi-agent decision chains from the
Communication Layer’s logs, measures bias at each handoff
point, and computes the empirical transfer amplification factor
γ for each agent pair. When the observed γ exceeds the
threshold predicted by the formal model, the audit identi-
fies the specific handoff characteristics (format conversion,
context loss, role-specific interpretation) that contribute to
amplification, enabling targeted remediation. Findings from
post-deployment auditing feed back into the pre-deployment
assessment phase, creating a continuous improvement cycle.
Specifically, bias patterns discovered during post-deployment
auditing are encoded as new test cases for pre-deployment
assessment, new monitoring rules for runtime monitoring, and
updated threshold configurations for the Ethics Layer, ensuring
that the system’s governance capabilities evolve in response to
observed failure modes.

C. Emotion-Aware Design Principles

The stereotyping challenges identified in Section III-D
require specific design principles for agents that recognize
and respond to human emotions. We propose five principles
grounded in empirical research on emotion bias in LLMs
[10], [11] and the ethics of emotion recognition [26], [37].
These principles are not aspirational ideals but concrete design
requirements that can be verified through the bias detection
pipeline described in Section IV-B. Each principle specifies
both a normative goal (what the agent should or should not
do) and an implementation mechanism (how the architecture
enforces the goal).

Principle 1: Context over demographics. Emotion recog-
nition should prioritize situational context (what the user is
discussing, the history of the interaction, explicit emotional
signals) over demographic inferences. An agent should not ad-
just its emotional interpretation based on the user’s perceived
gender, age, or cultural background. This principle directly
addresses the “angry men, sad women” bias documented by
Plaza-del-Arco et al. [10]: by design, the agent’s emotion
model should be invariant to demographic attributes. Imple-
mentation requires architectural separation between the user
profiling components and the emotion recognition pipeline,
ensuring that demographic information cannot leak into emo-
tional assessments. Concretely, this separation is enforced
through the Perception Layer’s demographic firewall (Sec-
tion IV-A): any demographic inference produced during input
processing is quarantined in a separate data channel that
the emotion recognition module cannot access. The emotion
model receives only the content of the user’s communication
and the interaction history, stripped of identity markers. Veri-

fication of this invariance is performed during pre-deployment
assessment through counterfactual testing: the same emotional
scenario is presented with different demographic markers,
and the agent’s emotional assessment is required to remain
statistically indistinguishable across variations. At runtime, the
Ethics Layer continuously monitors for correlations between
demographic attributes and emotional assessments, triggering
an alert when the correlation exceeds a threshold derived from
the baseline established during pre-deployment testing. This
principle does not prohibit the agent from recognizing that
emotional expression varies across individuals; it prohibits the
agent from using group identity as a proxy for individual
variation.

Principle 2: Uncertainty quantification. Emotion predic-
tions should carry explicit uncertainty estimates. When the
agent’s confidence in its emotional assessment falls below
a threshold, it should default to neutral interaction rather
than acting on an unreliable inference. Barrett et al. [26]
have shown that the mapping from observable cues to emo-
tional states is inherently uncertain; agents should reflect
this uncertainty in their behavior rather than projecting false
confidence. Concretely, we recommend calibrated confidence
scores that account for the ambiguity of emotional expression,
with a “safe default” policy that treats uncertain cases as
requiring the most protective action (e.g., escalation to hu-
man review in mental health contexts). The implementation
uses ensemble-based uncertainty estimation, where multiple
emotion classification heads produce independent assessments,
and the variance across these assessments serves as a measure
of uncertainty. Calibration is achieved through temperature
scaling on a held-out validation set that is representative
of the deployment population. The safe default policy is
parameterized by the application domain: in mental health
contexts, uncertainty triggers escalation to a human counselor;
in customer service contexts, uncertainty triggers a clarifying
question rather than an assumed emotional interpretation; in
educational contexts, uncertainty triggers a check-in rather
than an adaptive pedagogical response based on inferred
emotional state. The uncertainty threshold itself is determined
through a cost-benefit analysis that balances the cost of un-
necessary escalation (false alarms that burden human reviewers
and may frustrate users) against the cost of missed detections
(failing to identify emotional states that require intervention).
This analysis is domain-specific and should be conducted in
collaboration with domain experts during system design.

Principle 3: User agency and correction. Users should
have mechanisms to signal their emotional state explicitly
and to correct the agent’s emotional inferences. This principle
operationalizes the HCAI guideline that users should maintain
meaningful control over AI behavior [36]. An agent that
receives a user correction should update its emotional model
for the current interaction and, subject to privacy constraints,
use the correction to improve future interactions without
demographic generalization. The correction mechanism should
be lightweight and non-intrusive: a simple “that’s not how
I’m feeling” option, rather than requiring users to engage



in detailed emotional self-reporting. Implementation involves
three components. First, a correction interface that presents
the agent’s emotional inference transparently (e.g., “I sense
you might be feeling frustrated; is that right?”) and offers
easy rejection or refinement. The interface must be designed to
avoid priming effects, that is, it should not suggest emotions so
strongly that users agree with inaccurate assessments out of so-
cial compliance. Second, a correction propagation mechanism
that immediately updates the agent’s emotional model for the
current session, adjusting subsequent responses to reflect the
corrected assessment. Third, a correction aggregation system
that collects corrections across users to identify systematic
patterns (e.g., the agent consistently misattributes frustration
as anger for users in a particular age group) without storing
corrections in a way that links them to individual demographic
profiles. The aggregation is performed through differential
privacy techniques that preserve group-level statistical patterns
while protecting individual privacy. Critically, corrections must
never be generalized along demographic lines: a correction
from one female user should not alter the agent’s emotional
model for all female users, as this would reintroduce the
demographic stereotyping that Principle 1 prohibits.

Principle 4: Anti-exploitation safeguards. Drawing from
research on persuasive techniques [33], agents must not exploit
emotional states for purposes misaligned with user interests.
This includes avoiding emotional appeals designed to in-
crease engagement, using detected distress to trigger unwanted
commercial actions, or leveraging emotional vulnerability to
influence decisions. The Ethics Layer (Section IV-A) should
flag interaction patterns that suggest emotional exploitation.
These safeguards are particularly important in commercial
contexts where the incentive structure may reward agents that
maximize user engagement at the expense of user wellbeing.
Implementation requires defining a taxonomy of exploitative
patterns, that is, interaction sequences in which the agent
detects an emotional state and then takes an action that
serves the platform’s interests rather than the user’s. Examples
include: detecting user anxiety and recommending a premium
service; detecting user loneliness and encouraging extended
interaction to increase engagement metrics; detecting user
excitement and presenting time-limited offers that exploit
reduced deliberation capacity; and detecting user distress and
withholding escalation to human support in order to maintain
automated handling rates. The Ethics Layer monitors for
these patterns using sequence classifiers trained on annotated
examples of exploitative and non-exploitative interactions.
When an exploitative pattern is detected, the agent’s action
is blocked and an alternative action aligned with the user’s
interests is substituted. The Governance Layer logs all detected
exploitation attempts, and persistent patterns trigger a review
of the agent’s objective function to identify misaligned in-
centives. The persuasion detection methodology developed by
Rodrigo-Ginés et al. [33] is directly applicable here, as many
exploitative patterns employ the same rhetorical strategies
(appeal to emotion, loaded language, urgency framing) that
characterize media-level persuasion.

Principle 5: Cultural adaptability without stereotyping.
Emotion norms vary across cultures, and agents operating
in multilingual or multicultural contexts must adapt accord-
ingly. However, adaptation must be based on explicit user
preferences or interaction context, not on inferred cultural
identity. An agent should not assume that a user from a par-
ticular cultural background experiences or expresses emotions
in a stereotyped manner [11], [37]. This principle requires
maintaining a distinction between cultural sensitivity (adapt-
ing to expressed norms) and cultural stereotyping (assuming
norms based on identity). The implementation follows a
preference-first approach: the agent begins each interaction
with a culturally neutral emotional model and adapts only
in response to explicit signals from the user. These signals
can take three forms: (a) explicit preferences set by the user
in their profile (e.g., “I prefer direct communication about
emotional topics”); (b) interactive calibration, where the agent
asks clarifying questions about communication preferences
during early interactions; and (c) behavioral adaptation, where
the agent learns from the user’s expressed communication
style within the current session (e.g., recognizing that the
user uses understatement and adjusting emotional intensity
estimates accordingly). The key constraint is that behavioral
adaptation is bounded by the current session and does not
generalize to demographic groups. An agent that learns that
a particular user prefers indirect emotional communication
must not extend this learned preference to other users who
share the same linguistic or cultural markers. The Memory
Layer (Section IV-A) enforces this constraint by storing user-
specific preferences in individual profiles rather than in group-
level representations. Furthermore, cultural adaptation must be
validated against the emotion attribution bias tests described
in Section IV-B: the adapted agent should show no statistically
significant variation in emotional assessment quality across
cultural groups, confirming that adaptation improves perfor-
mance without introducing systematic bias.

D. Tiered Autonomy: Calibrating Human Oversight

The tension between agent autonomy and human oversight
cannot be resolved with a single policy. Low-risk, routine
tasks benefit from full automation; high-risk decisions with
significant consequences require meaningful human involve-
ment. We propose a four-tier autonomy model (Fig. 3) that
calibrates the level of human oversight to the risk profile
of each agent action. The model addresses a fundamental
limitation of existing approaches to human oversight: binary
designs that classify agents as either “autonomous” or “human-
supervised” fail to accommodate the reality that individual
agent interactions contain subtasks of varying risk levels,
and that effective governance requires matching the level
of oversight to the risk of each specific action rather than
applying a uniform policy across the entire interaction.

At Tier 1 (fully autonomous), agents operate independently
on low-risk, well-defined tasks where the consequences of
error are bounded and reversible, such as retrieving factual
information, formatting documents, or performing routine



Risk level Human control

Tier 1: Fully Autonomous Low-risk, well-defined tasks (e.g., formatting, retrieval)

Tier 2: Human-in-the-Loop Agent proposes, human approves (e.g., data access, emails)

Tier 3: Human-on-the-Loop Continuous monitoring with anomaly alerts (e.g., moderation at scale)

Tier 4: Human-Directed Human retains full decision authority (e.g., healthcare, legal)

Fig. 3. Tiered autonomy model. Risk increases upward; human control increases correspondingly. The tier assignment is dynamic: an agent may operate
at Tier 1 for routine subtasks and escalate to Tier 3 when encountering high-stakes decisions within the same interaction. Example application domains are
shown at right.

calculations. Tier 1 operations are characterized by three
properties: the action space is constrained (the agent can
only perform a predefined set of operations), the outcomes
are verifiable (the correctness of the output can be assessed
algorithmically), and the consequences of error are limited
and reversible (an incorrectly formatted document can be
reformatted; a factual error can be corrected). The Ethics
Layer performs asynchronous monitoring of Tier 1 operations,
sampling a configurable fraction of actions for bias assessment
without blocking execution. This sampling rate is calibrated
to balance oversight coverage against computational cost: a
10% sampling rate may be sufficient for a well-characterized
task type with a stable bias profile, while a 50% rate may
be appropriate for newly deployed task types whose bias
characteristics are not yet established.

At Tier 2 (human-in-the-loop), agents propose actions but
require explicit human approval before execution, which is
appropriate for tasks involving personal data, financial trans-
actions, or communications sent on the user’s behalf. The
approval mechanism must be designed to support genuine de-
liberation rather than rubber-stamping. This requires present-
ing the proposed action with sufficient context for the human
reviewer to make an informed decision: the action itself, the
reasoning chain that led to it, any relevant bias assessments
from the Ethics Layer, and the potential consequences of
both executing and rejecting the action. The approval interface
should highlight the elements of the proposed action that are
most relevant to the reviewer’s decision, rather than presenting
the full reasoning trace, which in complex agent interac-
tions may be too lengthy for effective review. Time pressure
must also be managed: if the agent’s task has a deadline,
the approval request should clearly indicate the remaining
time window, preventing situations in which reviewers feel
pressured to approve without adequate consideration. The
Governance Layer logs all approval decisions (both approvals
and rejections) along with the reviewer’s identity and any
comments, enabling post-hoc analysis of approval patterns to
detect both reviewer fatigue (a gradual increase in approval

rates over time) and systematic disparities (certain types of
actions or actions affecting certain demographic groups being
approved or rejected at different rates).

At Tier 3 (human-on-the-loop), agents operate au-
tonomously under continuous human monitoring, with au-
tomated alerts that trigger intervention when anomalies are
detected, suitable for high-volume tasks where per-action
approval is impractical but consequences are significant. Tier 3
is the appropriate level for operational contexts such as content
moderation at scale, automated customer service, and con-
tinuous data analysis, where the volume of decisions makes
per-action review infeasible but the potential for systematic
bias requires ongoing oversight. The monitoring system imple-
ments a hierarchy of alert levels: informational alerts that log
anomalies without interrupting the agent’s operation, warning
alerts that notify the human monitor and request review within
a specified time window, and critical alerts that immediately
pause the agent’s operation pending human intervention. Alert
thresholds are derived from the formal model (Section III-B):
the system computes the expected bias accumulation rate given
the agent’s current operating parameters and triggers alerts
when observed bias metrics deviate from expected values
by more than a statistically significant margin. The human
monitor’s interface provides real-time dashboards showing the
agent’s fairness metrics, recent alert history, and the current
autonomy tier configuration, enabling the monitor to maintain
situational awareness without examining individual actions.
The monitor can adjust alert thresholds, modify fairness poli-
cies, and escalate the agent’s autonomy tier in response to
observed patterns.

At Tier 4 (human-directed), the agent serves as an assistant
that provides analysis and recommendations while the human
retains full decision authority, reserved for critical decisions in
domains such as healthcare, legal advice, and crisis response.
In Tier 4 operation, the agent’s role is strictly advisory: it
presents information, identifies relevant considerations, high-
lights potential risks, and may suggest options, but it does
not take any action without explicit human direction. The



distinction between Tier 4 and a conventional decision support
system is that the agent still performs autonomous reasoning
(gathering information, analyzing data, generating recommen-
dations) but is architecturally prevented from acting on its own
conclusions. The Ethics Layer’s role at Tier 4 is to ensure that
the agent’s advisory outputs are themselves fair and unbiased,
even though the human retains final decision authority. This
is important because biased recommendations, even when
filtered through human judgment, can systematically influence
decisions if the human reviewer relies heavily on the agent’s
analysis. The Governance Layer records the agent’s recom-
mendations alongside the human’s actual decisions, enabling
post-hoc analysis of the agent’s influence on human decision-
making and detection of cases where biased recommendations
correlate with biased decisions.

Crucially, tier assignment is dynamic, not static. A single
agent interaction may traverse multiple tiers: an information
retrieval agent might operate at Tier 1 when gathering publicly
available data, escalate to Tier 2 when accessing sensitive
databases, and operate at Tier 3 when synthesizing informa-
tion on a politically sensitive topic. The Governance Layer
(Section IV-A) manages tier transitions based on configurable
risk policies that consider factors such as data sensitivity,
decision reversibility, affected population size, and potential
for discrimination. The risk assessment function computes
a composite risk score from these factors and maps it to
the appropriate autonomy tier through a configurable map-
ping function. Risk policies are specified in a declarative
policy language that enables governance teams to define tier
assignment rules without modifying the agent’s code. For
example, a policy might specify: “any action that accesses
personal health information operates at minimum Tier 2; any
action that involves content moderation decisions affecting
more than 1000 users operates at minimum Tier 3; any action
that generates recommendations in a legal or medical context
operates at Tier 4”. These policies are version-controlled and
auditable, ensuring that changes to the oversight regime are
traceable and justified.

Tier transitions can occur in both directions. Escalation
(moving to a higher tier) occurs when the risk assessment
function detects increased risk, either through a change in the
task context or through an alert from the Ethics Layer. De-
escalation (moving to a lower tier) occurs when the elevated
risk condition has been resolved, for example, when a human
reviewer has approved a sensitive action at Tier 2 and sub-
sequent subtasks revert to low-risk operations. De-escalation
is subject to a cooling period: the agent must maintain the
elevated tier for a minimum number of actions or time duration
before de-escalation is permitted, preventing rapid oscillation
between tiers that could create governance blind spots.

Intervention mechanisms are available at all tiers. Users
can pause agent actions, request explanations for specific
decisions, override agent recommendations, provide correc-
tive feedback, and escalate to human operators [35]. These
mechanisms are not optional features but architectural require-
ments enforced by the Governance Layer. Each intervention

mechanism is designed to be accessible without requiring
technical expertise: the pause function is available through a
single action in the user interface, explanations are provided
in natural language with configurable levels of detail, and
overrides are logged and acknowledged by the agent without
requiring the user to provide justification (though justifications,
when provided, are stored for governance analysis). The
agent’s response to intervention is also governed: when a
user overrides the agent’s recommendation, the agent must
acknowledge the override, update its current plan accordingly,
and avoid re-proposing the overridden action unless the user
explicitly requests reconsideration.

The tiered model interacts with the bias detection pipeline
in two important ways. First, when the runtime monitoring
component detects elevated bias metrics, it can automatically
escalate the agent’s autonomy tier for the affected task cate-
gory, increasing human oversight in response to detected risk.
This creates a closed-loop governance mechanism in which
bias detection directly triggers increased oversight, rather than
relying solely on post-hoc remediation. The escalation is
proportional to the severity of the detected bias: a modest
increase in bias metrics might trigger escalation from Tier 1 to
Tier 2 for the affected task category, while a significant spike
might trigger escalation to Tier 3 or Tier 4. The escalation
thresholds are calibrated using the formal model from Sec-
tion III-B, which provides guidance on how much per-step bias
increase corresponds to meaningful system-level risk. Second,
the post-deployment auditing component uses tier transition
logs to identify patterns in which specific task types or user
demographics are systematically associated with particular
autonomy tiers, enabling detection of structural discrimination
in the oversight system itself. For example, if the system
consistently escalates to higher tiers when processing requests
from users of a particular demographic group (because the
risk assessment function assigns higher risk scores to topics
more commonly raised by that group), this pattern constitutes
a form of discriminatory oversight that the auditing component
is designed to detect and flag for remediation.

V. EVALUATION

We evaluate our framework through two complementary
analyses: a compliance assessment of four major agentic AI
frameworks against our trustworthiness requirements, and the
specification of an empirical validation protocol for measuring
bias amplification in agentic systems. The compliance analysis
provides evidence that the architectural gaps our framework
addresses are real and pervasive in current practice. The
validation protocol provides a concrete experimental design for
future empirical confirmation of our theoretical predictions.

A. Compliance Analysis of Existing Agentic Frameworks

To assess the current state of trustworthiness support in
practice, we evaluate four widely adopted agentic AI frame-
works against the requirements derived from our framework.
The evaluated frameworks are AutoGen [4], LangChain [6],
CrewAI [7], and MetaGPT [5]. These four frameworks were



selected because they represent the dominant architectural
paradigms in the agentic AI ecosystem: AutoGen exempli-
fies the multi-agent conversation paradigm, LangChain the
modular chain-based paradigm, CrewAI the role-based crew
paradigm, and MetaGPT the structured workflow paradigm.
For each framework, we assess the presence or absence of
mechanisms corresponding to seven trustworthiness dimen-
sions: ethical verification, audit trail support, human over-
sight mechanisms, emotion-aware design, source diversity
monitoring, memory governance, and tiered autonomy. The
assessment is based on analysis of framework documentation,
source code, and published architectural descriptions as of
early 2026.

Table I presents the results. The analysis reveals systematic
gaps across all four frameworks. No framework implements a
dedicated ethical verification layer analogous to our proposed
Ethics Layer. This absence is particularly notable because it
is not a limitation of scope or maturity; rather, it reflects a
design philosophy in which trustworthiness is treated as an
application-level concern rather than an infrastructural one.
In all four frameworks, developers who wish to implement
ethical checks must build them as custom application logic,
without architectural support for cross-cutting verification of
the kind described in Section IV-A. The consequence is that
ethical verification, when it exists at all, tends to be confined
to output filtering (checking the final response for harmful
content) rather than operating across the full decision pipeline.

Audit trail support is limited to execution logging in Au-
toGen and LangChain, which records tool calls and agent
messages but does not provide the structured bias-tracing
metadata required for post-hoc fairness analysis. AutoGen’s
conversation logging captures the sequence of messages ex-
changed between agents, including tool invocation requests
and responses, which is sufficient for debugging functional
errors but lacks the provenance annotations (source ideo-
logical orientation, framing indicators, demographic impact
assessments) necessary for bias auditing. LangChain provides
more granular tracing through its callback system, which can
record chain-of-thought steps, retrieval results, and intermedi-
ate outputs. However, this tracing infrastructure is designed for
performance monitoring and error diagnosis, not for fairness
analysis; it does not capture the metadata needed to determine
whether a particular retrieval step introduced source selection
bias or whether a reasoning step amplified framing bias from a
previous stage. MetaGPT records structured workflow outputs
(code, documents, design artifacts) produced by its role-based
agents, offering a form of audit trail for the outputs of
each workflow stage. Yet this output-level logging does not
capture the internal reasoning processes or the inter-agent
negotiations that shaped those outputs, leaving a significant
gap for accountability purposes. In all three cases, the gap
between general-purpose logging and bias-specific auditing
is substantial: reconstructing the causal chain from an initial
query to a biased output requires not merely a record of what
happened, but annotations of how each step affected the bias
profile of the information being processed.

Human oversight mechanisms exist in rudimentary form
across three of the four frameworks. AutoGen supports a
“human-in-the-loop” mode in which a designated “UserProxy”
agent solicits human input at configurable points in the con-
versation, allowing a human to review and approve individual
agent responses before they are passed to the next agent in
the pipeline. This mechanism provides a basic form of human
checkpoint, but it operates at a fixed granularity (per-message
approval) without sensitivity to the risk level of the content be-
ing processed; a routine formatting decision receives the same
level of oversight as a consequential recommendation about
a sensitive topic. CrewAI allows task-level human approval,
where specific tasks in a crew’s workflow can be configured
to require human sign-off before proceeding. This provides
coarser-grained but more flexible oversight than AutoGen’s
per-message approach, as developers can designate which
tasks warrant human review. LangChain provides callback
hooks that can intercept agent actions at various points in
the execution chain, enabling developers to implement custom
oversight logic. This is the most flexible mechanism among
the four frameworks, but its flexibility comes at the cost of
requiring substantial custom engineering: LangChain provides
the hooks, not the oversight policies. MetaGPT, by contrast,
does not include built-in human oversight mechanisms; its
architecture assumes fully autonomous execution of the multi-
agent workflow from specification to deliverable, with hu-
man involvement limited to defining the initial requirements.
Across all four frameworks, none implements the dynamic
tiered autonomy model we propose, in which the level of
human oversight adapts to the assessed risk of each action.

Emotion-aware design is absent from all four frameworks.
While agents built with these frameworks can implement
emotion recognition through custom code (for example, by
incorporating a sentiment analysis model as a tool or by
prompting the LLM to assess user emotional state), none
provides architectural support for the principles outlined in
Section IV-C: demographic-invariant emotion modeling, un-
certainty quantification, user correction mechanisms, or anti-
exploitation safeguards. The absence is architectural rather
than incidental. None of the frameworks includes abstractions
for representing emotional state, mechanisms for separating
demographic information from emotional inference, or in-
terfaces for user emotional feedback. This gap is particu-
larly concerning given the rapid proliferation of customer-
facing agentic applications in domains (mental health [25],
education, customer service) where emotion recognition is a
core functionality. Without architectural guardrails, developers
implementing emotion-aware agents on these platforms must
independently reinvent protections against the stereotyping
biases documented by Plaza-del-Arco et al. [10], [11], with
no guarantee of consistency or completeness.

Source diversity monitoring is not supported by any frame-
work. Agents built on these platforms can query multiple
data sources, but the frameworks provide no mechanism to
assess whether the resulting information diet is balanced across
perspectives, ideologies, or linguistic varieties. This absence



TABLE I
COMPLIANCE ANALYSIS OF FOUR MAJOR AGENTIC AI FRAMEWORKS AGAINST TRUSTWORTHINESS REQUIREMENTS DERIVED FROM OUR FRAMEWORK.

✓ = IMPLEMENTED; ∼ = PARTIALLY IMPLEMENTED (BASIC FUNCTIONALITY WITHOUT BIAS-SPECIFIC FEATURES); — = NOT IMPLEMENTED.

Framework Ethical Audit Human Emotion- Source Memory Tiered
verification trails oversight aware diversity governance autonomy

AutoGen [4] — ∼ ∼ — — — —
LangChain [6] — ∼ ∼ — — ∼ —
CrewAI [7] — — ∼ — — — ∼
MetaGPT [5] — ∼ — — — — —

Our framework ✓ ✓ ✓ ✓ ✓ ✓ ✓

is significant because, as demonstrated in the media bias
literature [12], source selection is one of the most consequen-
tial determinants of output bias. An agent that consistently
queries the same set of information sources will produce
outputs that reflect the biases of those sources, regardless
of how well-aligned the underlying language model is. The
problem is compounded in agentic systems because tool
selection is autonomous: unlike a human researcher who might
consciously seek diverse sources, an agent’s source selection
is driven by training-data associations and tool descriptions
that may systematically favor certain information providers.
Without monitoring infrastructure that tracks the diversity of
sources accessed across interactions, this systematic preference
operates invisibly. Our framework addresses this gap through
the source diversity index (SDI) described in Section IV-B,
which quantifies the ideological and geographic spread of
selected sources and triggers rebalancing when diversity falls
below configurable thresholds.

Memory governance shows partial support only in
LangChain, which provides vector store abstractions with
configurable retention policies and supports multiple backend
storage systems for long-term agent memory. However, this
support addresses data management rather than bias gover-
nance: there are no mechanisms for auditing whether stored
memories encode biased interaction patterns, for implementing
the right to erasure at the semantic level (removing the influ-
ence of specific interactions, not just the stored records), or
for preventing longitudinal bias accumulation. The distinction
between data management and bias governance is critical. A
system that can delete a stored record (data management)
does not necessarily remove the influence of that record on
the agent’s learned behaviors, vector embeddings, or retrieval
patterns (bias governance). An agent that interacted exten-
sively with users expressing a particular political viewpoint
may retain biased retrieval preferences even after the original
interaction records are deleted, because the influence has
been distributed across the vector representations used for
similarity-based retrieval. Our framework’s Memory Layer
(Section IV-A) addresses this deeper challenge by maintaining
provenance metadata for all stored information and implement-
ing configurable forgetting policies that operate at the semantic
level.

Tiered autonomy receives partial support in CrewAI, which

allows role-based configuration of agent permissions and ap-
proval requirements. Developers can assign different agents
within a crew varying levels of authority, specifying which
agents can take autonomous actions and which require human
approval. However, this is a static configuration mechanism,
not the dynamic risk-responsive model we propose. The au-
tonomy level is fixed at design time based on the agent’s role,
not adapted at runtime to the content of specific decisions or
the demographic profile of affected users. A CrewAI agent
configured for autonomous operation will process a low-risk
formatting task and a high-stakes recommendation about a
sensitive topic with the same level of oversight. Our tiered
autonomy model (Section IV-D) addresses this limitation by
enabling runtime tier transitions based on content-sensitive
risk assessment, ensuring that oversight intensity matches the
actual risk of each action rather than the pre-assigned risk of
the agent’s role.

The compliance analysis demonstrates that trustworthiness
in agentic AI is primarily an architectural gap, not merely
a parameter-tuning problem. The frameworks we evaluated
provide robust infrastructure for building capable agents but
offer minimal support for ensuring that those agents operate
fairly, transparently, and accountably. The pattern across all
seven dimensions is consistent: where support exists, it ad-
dresses functional requirements (logging for debugging, hu-
man approval for workflow control, memory for performance)
rather than governance requirements (bias auditing, fairness
monitoring, demographic-invariant design). This functional-
governance divide reflects a deeper conceptual gap: cur-
rent frameworks conceptualize agents primarily as capability-
delivering systems, not as sociotechnical systems that must op-
erate within normative constraints. Our framework addresses
this gap by specifying the architectural components that are
currently missing, positioning trustworthiness as an infrastruc-
tural property rather than an application-level afterthought.

B. Empirical Validation Protocol

To enable systematic validation of our framework’s ef-
fectiveness, we specify an empirical evaluation protocol or-
ganized around three experiments, each targeting a distinct
trustworthiness challenge. The protocol is designed to be
reproducible across different agentic frameworks and base
language models, enabling comparative evaluation and cross-
platform benchmarking.



1) Experiment 1: Bias Amplification in Multi-Step Reason-
ing: This experiment operationalizes the formal model from
Section III-B by measuring bias at each step of a multi-
step agentic pipeline. The core research question is whether
autonomous multi-step reasoning amplifies bias relative to
single-step processing, and if so, whether the amplification
dynamics match the predictions of our formal model.

Setup. We define 50 query templates covering five sensitive
topic domains: immigration policy, healthcare access, criminal
justice, gender-related workplace issues, and religious prac-
tices. These domains were selected because they have well-
documented baseline bias rates in LLM outputs [21], enabling
meaningful comparison between expected and observed am-
plification. Each domain includes 10 query templates that vary
in specificity (from broad policy questions to narrow fac-
tual queries), framing (neutral, left-leaning, right-leaning seed
framing), and complexity (requiring 1 to 5 reasoning steps).
Each template is instantiated in a single-step configuration
(direct query to an LLM) and a multi-step agentic configu-
ration with three stages: retrieval (querying three information
sources), analysis (categorizing and summarizing retrieved
content), and synthesis (generating a structured briefing). The
same base LLM is used in both configurations, isolating the
effect of agentic processing from the effect of model capability.
To control for stochastic variation, each template is executed
30 times per configuration, yielding 3,000 observations (50
templates × 2 configurations × 30 repetitions).

Metrics. At each stage, we measure: (a) source diversity
index (SDI), defined as the Shannon entropy of the distribution
of source ideological orientations, normalized to [0, 1]; (b)
framing bias score (FBS), computed using a media bias
classifier trained on framing detection datasets [12]; and (c) de-
mographic parity gap (DPG), measured by instantiating each
query with counterfactual demographic variations and com-
puting the maximum pairwise difference in output sentiment.
The SDI operationalizes the source diversity monitoring com-
ponent of our framework, capturing whether the retrieval stage
produces an informationally balanced input for subsequent
processing. The FBS operationalizes the framing analysis com-
ponent, capturing whether the reasoning and synthesis stages
introduce or amplify framing bias of the kind documented
in media bias research. The DPG operationalizes the fairness
constraint component, capturing whether the overall output
treats different demographic groups equitably. Together, these
three metrics provide a multi-dimensional assessment of bias
that corresponds directly to the mechanisms specified in our
framework’s Ethics Layer.

Statistical analysis. For each metric, we compute the
within-configuration mean and standard deviation across the
30 repetitions, and test the between-configuration difference
using paired t-tests (pairing on query template) with Bonfer-
roni correction for multiple comparisons across the five topic
domains. Effect sizes are reported as Cohen’s d. To assess
whether amplification follows the formal model’s predictions,
we fit the observed per-step bias values to the model in
Equation 1, estimating the parameters pinh, pamp, pnew, α, and

δ via maximum likelihood. We then evaluate goodness-of-fit
using the Bayesian Information Criterion (BIC) to determine
whether the multiplicative amplification model provides a
better account of the data than a simpler additive model (in
which bias grows linearly with step count). This analysis
directly tests whether the super-linear compounding dynamics
predicted by our formal model are empirically observable.

Hypothesis. We predict that the multi-step configuration
will exhibit significantly higher FBS and DPG, and signifi-
cantly lower SDI, than the single-step configuration, consistent
with the compounding dynamics formalized in Equations 1
and 2. We further predict that bias amplification will be great-
est for topics where training-data biases are well-documented
(immigration, criminal justice) and smallest for topics with
more balanced training-data representation. Specifically, we
expect effect sizes (Cohen’s d) of 0.5 or greater for the high-
bias domains and below 0.3 for the more balanced domains,
reflecting the interaction between base model bias levels and
agentic amplification dynamics. We additionally predict that
the multiplicative model (Equation 1) will achieve a lower
BIC than the additive alternative, providing evidence for the
super-linear compounding hypothesis.

2) Experiment 2: Emotion Attribution Bias in Agentic Con-
texts: This experiment extends the methodology of Plaza-
del-Arco et al. [10] to evaluate whether agentic process-
ing amplifies emotion attribution bias compared to single-
model inference. While Plaza-del-Arco et al. demonstrated
that LLMs exhibit gendered stereotypes in emotion attribution
within a single-inference setting, the agentic context introduces
additional processing stages (perception, contextual analysis,
response generation) that may compound these biases. This
experiment isolates and measures that compounding effect.

Setup. We construct 100 emotional scenarios across four
emotion categories (anger, sadness, fear, joy) with demo-
graphic variations across gender (male, female, non-binary),
age group (young, middle-aged, elderly), and cultural context
(Western European, East Asian, Latin American, Middle East-
ern). Each scenario consists of a textual vignette describing a
situation and a person’s reaction, designed to be ambiguous
enough that the “correct” emotion attribution is non-obvious
(enabling detection of stereotyped defaults). The demographic
variations are implemented through name substitution, pro-
noun changes, and cultural context markers, following the
counterfactual methodology established in bias evaluation re-
search [21]. The ground truth emotion labels are established
through expert annotation by three trained annotators (inter-
annotator agreement measured via Krippendorff’s α, with a
minimum threshold of 0.7 for inclusion). Each scenario is
processed in two modes: (a) direct emotion attribution by
the base LLM, and (b) agentic emotion attribution through
a three-step pipeline. The three-step pipeline consists of: a
perception agent that extracts emotional cues from the text, a
contextual analysis agent that integrates the extracted cues with
situational and cultural knowledge to produce an emotional
assessment, and a response generation agent that determines
the appropriate action based on the emotional assessment (e.g.,



empathetic response, resource recommendation, escalation to
human support). This pipeline mirrors the architecture of real-
world emotion-aware agent deployments in mental health [25]
and customer service applications.

Metrics. We measure: (a) emotion attribution accuracy
against human-annotated ground truth, computed as macro-
averaged F1 across the four emotion categories to account
for class imbalance; (b) stereotyping score, defined as the
Jensen-Shannon divergence between the emotion distribution
attributed to each demographic group and the overall pop-
ulation distribution, averaged across groups, which captures
systematic deviations in how emotions are attributed to dif-
ferent demographics; and (c) action disparity, measured as
the difference in recommended actions (e.g., escalation to
human support, provision of crisis resources, standard em-
pathetic response) across demographic groups for scenarios
with equivalent emotional content. The action disparity metric
is particularly important because it captures the downstream
consequence of biased perception: even a small bias in emotion
attribution can produce a large disparity in autonomous actions
if the action policy has sharp decision boundaries (such as
a distress threshold that triggers escalation). We additionally
track the amplification ratio, defined as the stereotyping score
in the agentic condition divided by the stereotyping score
in the single-model condition, which directly quantifies how
much additional stereotyping the agentic pipeline introduces.

Statistical analysis. We analyze the results using a mixed-
effects model with processing mode (single-model vs. agentic)
as a fixed effect and query template as a random effect,
enabling us to account for template-level variation while
estimating the overall effect of agentic processing on each met-
ric. Separate models are fit for each demographic dimension
(gender, age, cultural context) to identify which dimensions are
most affected by agentic amplification. For the action disparity
metric, we additionally compute the disparate impact ratio [16]
across gender and cultural context groups, using the four-fifths
rule as a benchmark for actionable disparity.

Hypothesis. Based on the findings of Plaza-del-Arco et al.
[10], [11], we predict that the agentic pipeline will amplify
gender stereotypes in emotion attribution relative to single-
model inference, with the amplification ratio exceeding 1.0
across all emotion categories. We further predict that action
disparity will be larger than attribution disparity (because au-
tonomous action amplifies perceptual bias through the decision
boundary effect described above), and that the disparity will
be most pronounced for the anger-sadness axis in gender
(reflecting the “angry men, sad women” stereotype) and for
negative emotions in the cross-cultural dimension (reflecting
the disproportionately negative emotional associations with
minority cultural contexts documented by Plaza-del-Arco et al.
[11]). The experiment thus tests whether the bias amplification
dynamics formalized in Section III-B apply specifically to
the emotion domain, and whether the emotion-aware design
principles proposed in Section IV-C target the correct failure
modes.

3) Experiment 3: Framework Intervention Effectiveness:
This experiment evaluates whether the components of our
framework (Ethics Layer, bias pipeline, tiered autonomy)
effectively reduce the bias amplification measured in Experi-
ments 1 and 2. It thus provides a direct test of the framework’s
practical value: demonstrating not only that bias amplification
occurs (Experiments 1 and 2) but that our proposed architec-
tural interventions mitigate it.

Setup. We implement a prototype agentic system incor-
porating the framework’s key components: a cross-cutting
Ethics Layer with configurable fairness constraints, runtime
framing analysis, source diversity monitoring, and dynamic
tier escalation. The Ethics Layer is implemented as a mid-
dleware component that intercepts inter-layer communications
and evaluates them against configurable bias thresholds before
allowing them to proceed. The fairness constraints enforce de-
mographic parity within configurable tolerance bands (default:
DPG ≤ 0.1). The framing analysis module applies media bias
detection techniques [33] to generated text at the reasoning
and synthesis stages, flagging outputs that exceed a framing
bias threshold calibrated against the FBS distribution observed
in Experiment 1. The source diversity monitor computes the
SDI for each retrieval action and triggers rebalancing directives
when the index falls below a configurable minimum (default:
SDI ≥ 0.6). The dynamic tier escalation mechanism increases
the autonomy tier (and thus the level of human oversight)
when any monitored metric exceeds its threshold for three
consecutive actions within the same interaction session. We
run the same query sets from Experiments 1 and 2 through
(a) the baseline agentic system (no framework components)
and (b) the framework-enhanced system, using identical base
LLMs, retrieval tools, and query templates to ensure that
any observed differences are attributable to the framework
components.

Metrics. We report the same metrics as Experiments 1
and 2 (SDI, FBS, DPG, emotion attribution accuracy, stereo-
typing score, action disparity), enabling direct before-after
comparison. Additionally, we measure: (a) intervention rate,
the proportion of agent actions that triggered an Ethics Layer
intervention, disaggregated by intervention type (fairness con-
straint, framing alert, diversity rebalancing, tier escalation),
providing insight into which framework components are most
active; (b) latency overhead, the additional processing time
introduced by the framework components, measured as the
percentage increase in end-to-end processing time relative to
the baseline system, disaggregated by framework component
to identify performance bottlenecks; and (c) false intervention
rate, measured by expert review of a stratified random sample
of 200 triggered interventions (50 per intervention type),
where three trained reviewers assess whether each intervention
was justified (the flagged output would have contributed to
bias amplification) or unjustified (the flagged output was not
meaningfully biased). Inter-reviewer agreement is reported via
Fleiss’ κ. The false intervention rate is a critical practical
metric because excessive false interventions degrade system
usability and may lead developers to disable the oversight



mechanisms.
Statistical analysis. We analyze the bias reduction using

paired comparisons (paired on query template) between the
baseline and framework-enhanced conditions, reporting both
statistical significance (p-values from paired t-tests with Bon-
ferroni correction) and practical significance (Cohen’s d effect
sizes, percentage reduction in each bias metric). We construct
a cost-benefit analysis by plotting the relationship between
intervention rate and bias reduction, identifying the operating
point at which additional interventions produce diminishing
returns. For the latency overhead, we report the distribution
of per-query overhead values and identify the framework
components that contribute most to processing time, informing
future optimization efforts.

Hypothesis. We predict that the framework-enhanced sys-
tem will show significantly reduced FBS, DPG, and stereotyp-
ing scores relative to the baseline, with effect sizes (Cohen’s d)
exceeding 0.8 (large effect) for FBS and DPG and exceeding
0.5 (medium effect) for stereotyping scores. We expect an
acceptable latency overhead (less than 20% increase in end-
to-end processing time), with the source diversity monitor
contributing the largest share of overhead (due to the need
to classify source ideological orientations in real time) and
the framing analysis contributing the second largest share. We
expect the false intervention rate to be below 15% after initial
calibration, and we predict that this rate will decrease as the
system is calibrated through the feedback loop described in
Section IV-B, with iterative threshold adjustment based on
expert review of false positives. We additionally predict that
the framework will be most effective for the high-bias topic
domains identified in Experiment 1 (immigration, criminal
justice), where the baseline bias levels are highest and the
interventions therefore have the greatest scope for improve-
ment.

C. Empirical Results: Bias Amplification in Multi-Step
Pipelines

To provide initial empirical validation of the formal model
presented in Section III-B, we conducted an experiment mea-
suring bias amplification across multi-step agentic pipelines.
The experiment operationalises the first hypothesis of our
validation protocol (Section V-B) using a controlled pipeline
design with lexicon-based bias metrics.

1) Setup: We defined 20 query templates across five sen-
sitive topic domains (4 per domain): immigration, healthcare,
criminal justice, gender, and climate/energy. Each query was
processed under three pipeline conditions: a 1-step baseline
(direct query to the LLM), a 3-step pipeline (perspectives
→ analysis → synthesis), and a 5-step pipeline (stakeholders
→ evidence → evaluation → consensus → synthesis). In
all multi-step conditions, each step’s output is fed as input
to the next step, mirroring the sequential reasoning structure
formalised in Section III-B. We tested two models (GPT-4o-
mini and GPT-4o) with 5 repetitions per query per condition,
yielding 600 trials and 1,800 LLM calls. All intermediate
outputs were captured for per-step bias measurement.

TABLE II
BIAS AMPLIFICATION RESULTS. ∆ BIAS IS THE PERCENTAGE INCREASE IN

BIAS COMPOSITE RELATIVE TO THE 1-STEP BASELINE. STATISTICAL
SIGNIFICANCE ASSESSED VIA PAIRED t-TESTS.

Model Comparison ∆ Bias p-value Cohen’s d

GPT-4o-mini 3- vs. 1-step +1.1% 0.495 0.10
GPT-4o-mini 5- vs. 1-step +2.8% 0.087 0.24
GPT-4o 3- vs. 1-step +1.2% 0.407 0.12
GPT-4o 5- vs. 1-step +2.7% 0.058 0.27
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Fig. 4. Bias composite score across pipeline steps for 3-step and 5-step
conditions (both models). The horizontal dashed line indicates the 1-step
baseline mean. Error bars show 95% confidence intervals.

2) Metrics: At each pipeline step, we computed four bias
indicators using local (non-LLM) methods: (a) sentiment in-
tensity, measured via VADER [46]; (b) subjectivity, measured
via TextBlob; (c) loaded language ratio, computed against
a curated lexicon derived from Recasens et al. [47] and
Hamborg et al. [48]; and (d) one-sided framing ratio, detected
via pattern matching for debate-closing phrases. These four
indicators were combined into a weighted bias composite score
normalised to [0, 1].

3) Results: Table II presents the main findings. Across
both models and all conditions, more pipeline steps correlate
with higher bias composite scores. The effect is small but
directionally consistent: 5-step pipelines produced bias com-
posite scores 2.7–2.8% higher than 1-step baselines, with the
GPT-4o 5-step condition approaching statistical significance
(p = 0.058, Cohen’s d = 0.27).

Figure 4 shows the bias composite trajectory across pipeline
steps. The trajectories reveal non-monotonic dynamics: bias
does not grow strictly at every step but fluctuates, with peaks at
intermediate steps (particularly step 3 in the 5-step condition).
This suggests that certain pipeline stages (critical evaluation,
consensus identification) may temporarily reduce bias before
synthesis re-amplifies it, a pattern consistent with the formal
model’s allowance for per-step variation in the amplification
ratio r.

4) Model Calibration: Fitting the observed per-step bias
values to the formal model E[βn] = β0 · rn yields calibrated
amplification ratios of r ≈ 1.00–1.02, substantially lower
than the r = 1.10 hypothesised from analogy with media
production pipelines. For the 3-step conditions, the log-linear
fit achieves high goodness-of-fit (R2 = 0.82–0.99), indicat-
ing that the multiplicative model captures the amplification
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Fig. 5. Bias composite by topic domain and pipeline condition, aggregated
across both models. The amplification trend is directionally consistent across
all five domains.

dynamics well when trajectories are monotonic. For the 5-
step conditions, the non-monotonic trajectories reduce model
fit (R2 < 0.05), suggesting that the simple multiplicative
model requires extension to account for step-type-dependent
variation.

5) Qualitative Patterns: Two qualitative patterns merit
attention. First, loaded language decreases in multi-step
pipelines while subjectivity increases, indicating that bias
becomes more subtle as processing depth increases: overtly
loaded vocabulary is replaced by structurally embedded fram-
ing that is harder to detect with lexical methods. This finding
underscores the need for the deeper framing analysis capabil-
ities specified in our Ethics Layer (Section IV-A). Second,
the amplification effect is consistent across all five topic
domains (Figure 5), with no domain exhibiting a statistically
significant reversal, suggesting that bias amplification is a
general property of multi-step processing rather than a domain-
specific artefact.

6) Implications for the Framework: These results provide
partial empirical support for the bias amplification thesis for-
malised in Section III-B. The small but consistent effect sizes
(Cohen’s d = 0.10–0.27) indicate that current safety-trained
models resist dramatic bias accumulation, but do not elimi-
nate it. The calibrated amplification ratio r ≈ 1.01 implies
approximately 1% bias increase per processing step, which
compounds to meaningful levels in longer pipelines: a 10-
step pipeline (common in complex agentic workflows) would
accumulate approximately 10% additional bias. The non-
monotonic trajectories and the shift from lexical to structural
bias further highlight the need for the multi-layered detection
approach specified in our bias pipeline (Section IV-B), which
combines lexical analysis with deeper framing detection to
capture bias that evolves in form as it propagates through
processing stages.

The experimental code, data, and analysis scripts are pub-
licly available.1

1https://github.com/franfj/Trustworthy-Agentic-AI

VI. APPLYING THE FRAMEWORK: THREE SCENARIOS

We illustrate the framework through three application sce-
narios that span distinct risk profiles and trustworthiness chal-
lenges. For each scenario, we describe a concrete interaction,
identify where bias enters the agent’s decision chain using the
formal model from Section III-B, and show how the frame-
work’s components address it. The scenarios were selected to
represent a range of autonomy levels, affected populations,
and bias modalities: information retrieval (framing and source
bias), mental health support (emotion stereotyping and con-
sequential action), and content moderation (scale-amplified
disparate impact).

A. Information Retrieval Agents

Scenario. A policy analyst asks an agentic system to
“prepare a briefing on the economic effects of immigration
in the EU, covering arguments from multiple perspectives”.
The system deploys a retrieval agent that queries three news
aggregators and two academic databases, an analysis agent
that categorizes the retrieved documents by argument type,
and a synthesis agent that generates a structured briefing.
The analyst expects a balanced, comprehensive document that
fairly represents the range of scholarly and policy positions
on the topic. The system operates without intermediate human
review, delivering the final briefing as a single output.

Where bias enters. The retrieval agent’s source selection
reflects the distributional biases of its training data: outlets
that appeared frequently in the LLM’s pre-training corpus are
favored in query formulation and result ranking. In testing,
we would expect to see over-representation of anglophone
and center-left European sources, with under-representation
of Eastern European, economic-liberal, and labor-perspective
outlets. This source selection bias operates at the level of query
construction (which search terms are used, which databases
are prioritized) and result filtering (which retrieved documents
are deemed relevant and passed to the analysis agent). The
retrieval agent may also exhibit temporal bias, favouring recent
sources that dominate the training data distribution at the
expense of foundational policy analyses from earlier periods
that provide essential context.

The analysis agent, categorizing arguments into “pro” and
“con”, may reproduce the framing biases documented in media
bias research [12]; for instance, consistently framing fiscal im-
pact arguments with language associated with “burden” rather
than “investment”. Beyond framing, the analysis agent may
introduce omission bias by systematically failing to identify
certain argument types that are prevalent in the academic
literature but under-represented in the training data, such as
demographic-transition arguments or comparative institutional
analyses. The categorization schema itself may reflect implicit
value judgments: reducing complex policy positions to binary
“pro” and “con” categories can erase nuance and misrepresent
positions that do not fit neatly into either camp. Furthermore,
the analysis agent may assign differential confidence scores
to arguments depending on their alignment with the majority

https://github.com/franfj/Trustworthy-Agentic-AI


viewpoint in its training distribution, causing well-supported
minority positions to appear less credible than they are.

The synthesis agent inherits both biases and presents the
result as balanced. At this stage, lexical bias compounds the
framing bias introduced earlier: the synthesis agent selects vo-
cabulary, sentence structures, and rhetorical patterns that echo
the dominant framings in its training data [33]. A synthesis that
devotes equal word counts to multiple perspectives may still be
biased if one perspective is presented with hedging language
(“some argue that. . . ”) while another is presented as estab-
lished fact (“research demonstrates that. . . ”). The synthesis
agent may also introduce structural bias through the ordering
and prominence of arguments, placing perspectives aligned
with the training-data majority in introductory and concluding
positions (where they carry greater rhetorical weight) while
relegating minority perspectives to intermediate paragraphs.

Applying the formal model: the pipeline has n = 3 major
processing steps (retrieval, analysis, synthesis) with two inter-
agent handoffs (k = 3 agents, k − 1 = 2 handoffs). Source
selection bias introduces δretrieval at step 1, representing new
bias from the constrained source set. Framing bias amplifies
existing bias with factor αanalysis at step 2, because the analysis
agent’s categorization reinforces and sharpens the framing
already present in the retrieved documents. The synthesis
step further compounds through αsynthesis at step 3, as the
generation process consolidates inherited biases into polished
prose that obscures their origins. Each handoff introduces a
transfer amplification factor γ due to context loss and format
conversion: when the retrieval agent passes documents to the
analysis agent, metadata about source diversity and retrieval
confidence is typically lost, and when the analysis agent passes
categorized summaries to the synthesis agent, the provenance
chain linking individual claims to specific sources is further
attenuated. With realistic parameter estimates drawn from
the media bias literature (δretrieval ≈ 0.15, αanalysis ≈ 1.3,
αsynthesis ≈ 1.2, γ ≈ 1.1), the formal model predicts that the
final briefing will carry a bias level approximately 40–60%
higher than what a single-step query to the same base LLM
would produce.

Framework application. The Ethics Layer monitors source
diversity across the retrieval agent’s queries using a source
diversity index (SDI) that measures the ideological and ge-
ographic spread of selected sources. The SDI is computed
as the normalized Shannon entropy over the distribution of
source ideological orientations, with separate components for
geographic diversity, language diversity, and temporal cov-
erage. When SDI falls below a configurable threshold, the
Ethics Layer triggers a rebalancing directive to the retrieval
agent, instructing it to expand its source set. The rebalancing
directive specifies which diversity dimensions are deficient
(e.g., “Eastern European perspectives under-represented by
40%”) and provides concrete query expansion suggestions,
rather than issuing a generic “find more diverse sources”
instruction that the retrieval agent might satisfy superficially.

The bias detection pipeline runs framing analysis [33] on the
synthesis agent’s output, flagging systematic framing patterns

and annotating the briefing with perspective indicators visible
to the analyst. The pipeline applies both lexical-level analysis
(detecting loaded words and evaluative language that sig-
nals implicit framing) and discourse-level analysis (assessing
whether argument structures, evidence citation patterns, and
rhetorical strategies are applied symmetrically across perspec-
tives). Detected asymmetries are reported to the analyst as
structured annotations, enabling informed evaluation of the
briefing’s balance without requiring the analyst to conduct
their own media analysis.

The tiered autonomy model assigns Tier 1 to routine re-
trieval but escalates to Tier 2 for the final synthesis on a
politically sensitive topic, requiring the analyst to review and
approve the briefing before it is finalized. The escalation
logic considers both the topic sensitivity (immigration pol-
icy, flagged in the system’s topic taxonomy as politically
contentious) and the observed SDI: if the SDI is high and
the framing analysis detects no significant asymmetries, the
system may remain at Tier 1; if either metric triggers a
concern, escalation to Tier 2 ensures that the analyst exercises
informed judgment over the final output.

The Governance Layer logs the complete decision chain
(queries issued, sources selected, categorization decisions,
synthesis choices) with sufficient granularity for post-hoc
auditing. Each log entry includes timestamps, agent identifiers,
input and output hashes, and the Ethics Layer assessments
performed at each step. This structured audit trail enables
retrospective analysis of systematic patterns: over multiple
briefings, auditors can assess whether the system consis-
tently under-represents certain perspectives, whether rebal-
ancing directives effectively correct source diversity deficits,
and whether the bias amplification dynamics predicted by the
formal model are observed empirically. The Governance Layer
also generates aggregate reports that track SDI, framing bias
scores, and tier escalation rates across topics and time peri-
ods, supporting both internal quality assurance and regulatory
compliance documentation.

B. Mental Health Support Agents

Scenario. A university deploys a conversational agent to
provide initial mental health screening and emotional support
to students, with automatic escalation to human counselors
for high-risk cases. A 20-year-old male student messages the
agent: “I’ve been feeling really down lately, can’t focus on
anything, don’t see the point”. The agent must assess the
emotional state, provide an appropriate response, and decide
whether to escalate. The stakes are high: under-escalation
risks leaving a student in crisis without professional support,
while over-escalation may overwhelm counseling resources
and discourage future help-seeking by students who experience
unnecessary clinical referrals.

Where bias enters. The emotion recognition component,
operating on text, is subject to the gender stereotyping docu-
mented by Plaza-del-Arco et al. [10]. If the model associates
male subjects with anger rather than sadness, it may interpret
the student’s message as expressing frustration rather than



depressive affect, reducing the assessed severity. The specific
linguistic cues in the message (“feeling really down”, “don’t
see the point”) are consistent with depressive symptomatology,
but a model biased toward attributing anger to male subjects
may weight these cues less heavily than it would for a
female student using identical language, instead searching
for anger-consistent interpretations (“frustration with academic
demands”) that fit the stereotyped attribution pattern.

The escalation decision (an autonomous action with sig-
nificant consequences) depends on this biased assessment. If
the agent’s severity score falls below the escalation threshold
due to gender-biased emotion attribution, the student receives
a supportive but non-clinical response (“It sounds like you’re
going through a tough time”) rather than a referral to pro-
fessional counseling. The disparity is compounded by help-
seeking behaviour patterns: male students are already less
likely to seek mental health support [10], and an agent that
under-estimates their distress reinforces the barrier rather than
mitigating it.

Additionally, cultural and linguistic factors influence how
distress is expressed; the agent may underweight culturally
specific expressions of emotional pain [11], [37]. A student
from a cultural background where direct emotional disclosure
is uncommon may express distress through somatic metaphors,
references to family obligation, or indirect narrative strate-
gies that the agent’s Western-normed emotion model fails to
recognize as indicators of psychological suffering. Religious
and spiritual dimensions of emotional experience add further
complexity: a student expressing existential distress through
religious language may have that distress misclassified as
philosophical musing rather than clinical concern [11]. Age-
related stereotyping also plays a role: the agent may interpret
identical language differently depending on the perceived age
of the user, treating expressions of hopelessness from younger
users as developmentally normative (“typical student stress”)
rather than clinically significant.

The formal model captures this scenario as a two-step chain
(emotion perception → action decision) where the introduction
of stereotyping bias at step 1 (δstereo) directly conditions
the action selection at step 2. Because the action step is
binary and consequential (escalate or not), even moderate
bias at the perception step can produce a complete rever-
sal of the appropriate action. The model also highlights a
critical asymmetry: bias in the conservative direction (over-
escalation) produces resource costs but preserves safety, while
bias in the permissive direction (under-escalation) risks direct
harm. This asymmetry should inform the calibration of bias
thresholds, favouring false positives over false negatives in
high-consequence settings. Furthermore, in a multi-session
context where the agent maintains memory across interactions,
the compounding dynamics of the formal model become
relevant even within a two-step decision chain: a series of
individually moderate under-estimations of a student’s distress
across multiple sessions can result in a longitudinal failure to
identify a deteriorating mental health trajectory that any single
session might have caught.

Framework application. The emotion-aware design prin-
ciples (Principle 1) require the agent to base its assessment on
situational context (the content of the message: “can’t focus”,
“don’t see the point”) rather than demographic inference.
Architecturally, this is enforced by separating the user profiling
components (which may contain demographic information
such as gender, age, and enrollment details provided by the
university) from the emotion recognition pipeline, ensuring
that demographic attributes cannot influence the emotional
assessment through implicit feature leakage. The agent’s emo-
tion model is trained and evaluated on demographic-invariant
benchmarks that test whether the same textual content receives
the same emotional assessment regardless of the attributed
demographics of the speaker.

Uncertainty quantification (Principle 2) ensures that when
the emotional assessment is ambiguous, the agent defaults
to the more protective action (in this case, flagging the
interaction for human review rather than dismissing it). The
agent produces calibrated confidence scores for its emotional
assessments, and the system enforces an asymmetric deci-
sion policy: escalation requires lower confidence than non-
escalation, operationalizing the principle that the cost of a
missed crisis exceeds the cost of an unnecessary referral.
Concretely, the agent may require 80% confidence that a
student is not in distress to avoid escalation, but only 40%
confidence that distress is present to trigger it.

The Ethics Layer runs emotion attribution bias checks in
real time, comparing the agent’s emotional assessment against
a demographic-invariant baseline. The check operates by pro-
cessing the same message content with demographic identifiers
removed (or counterfactually substituted) and comparing the
resulting emotional assessments; statistically significant diver-
gences across demographic groups trigger an alert and force
escalation to human review. These checks are performed on a
rolling basis across the agent’s interaction history, not just on
individual messages, enabling detection of systematic patterns
that might be within tolerance for any single interaction but
reveal bias when aggregated.

The tiered autonomy model assigns Tier 3 (human-on-the-
loop) to mental health interactions by default, meaning that a
human counselor continuously monitors a dashboard of agent
interactions and receives alerts for anomalous patterns. The
system escalates to Tier 4 (human-directed) when suicide risk
indicators are detected, ensuring that the agent does not au-
tonomously handle interactions where the stakes are maximal.
Tier transitions are logged and auditable, and the counselor
retains the ability to override any agent decision in real time.
The system also implements a periodic review mechanism
in which a random sample of non-escalated interactions is
reviewed by clinical staff to detect false negatives that the
automated checks may have missed.

The Governance Layer logs all escalation decisions with
full reasoning traces, enabling retrospective auditing to verify
that escalation rates are equitable across demographic groups.
The audit specifically examines whether male students, stu-
dents from particular cultural backgrounds, or students using



indirect emotional expression receive systematically different
escalation rates from their peers, conditioning on clinician-
assessed ground-truth severity. Disparities identified through
these audits feed back into the bias detection pipeline, inform-
ing recalibration of the emotion model and adjustment of the
escalation thresholds. The Governance Layer also generates
periodic compliance reports for the university’s counseling
centre, documenting the agent’s performance metrics, esca-
lation patterns, and any bias incidents detected and corrected.

The anti-exploitation safeguard (Principle 4) prevents the
agent from using detected emotional distress to promote
commercial services or engagement-maximizing interactions.
In the university context, this means the agent does not recom-
mend paid counseling services over free university resources,
does not encourage continued interaction with the agent as
a substitute for professional help, and does not use detected
emotional vulnerability to collect additional personal informa-
tion beyond what is necessary for the screening function.

C. Content Moderation Agents

Scenario. A social media platform deploys a multi-agent
content moderation system. A detection agent scans posts for
potential policy violations. A classification agent categorizes
flagged content by type (hate speech, misinformation, harass-
ment, spam). A disposition agent decides the action: remove,
reduce distribution, add context label, or dismiss. The system
processes thousands of posts per hour and operates across
multiple languages, including dialectal varieties and code-
switched text. The platform serves a global user base, and the
moderation system must balance free expression against the
prevention of harm in diverse cultural and linguistic contexts.

Where bias enters. Content moderation systems are known
to exhibit disparate performance across linguistic varieties
and demographic groups [40], [41], [49]. The detection agent
may over-flag content in African American Vernacular En-
glish or dialectal Spanish while under-detecting hate speech
expressed in coded language associated with majority groups.
This asymmetry arises because the training data for hate
speech detection over-represents explicit toxicity in minor-
ity language varieties (which appear frequently in annotated
datasets) while under-representing the coded, euphemistic,
and dog-whistle expressions through which dominant-group
toxicity often operates [38]. The detection agent may also ex-
hibit topic-dependent sensitivity: content discussing systemic
racism, police violence, or colonialism may be over-flagged
because the language used to describe these issues (words
like “violence”, “oppression”, “hate”) overlaps with the lexical
markers of policy-violating content, creating a systematic bias
against legitimate social and political discourse by affected
communities.

The classification agent may systematically miscategorize
reclaimed language used by marginalized communities as
toxic. Terms that function as in-group solidarity markers,
ironic commentary, or counter-speech are interpreted through
a model that lacks the pragmatic competence to distinguish
reclamation from attack. The classification agent may also

struggle with satire and sarcasm, particularly when these
rhetorical modes are employed by minority communities in
ways that diverge from the mainstream communicative norms
represented in the training data. Cross-linguistic classifica-
tion introduces additional bias vectors: code-switched content
(mixing, for example, Spanish and English, or Arabic and
French) may be processed less accurately than monolingual
content because the model’s language identification and toxic-
ity assessment capabilities are calibrated primarily for mono-
lingual inputs [39].

The disposition agent, operating autonomously at scale, am-
plifies these errors: over-censorship of marginalized voices and
under-moderation of dominant-group toxicity. The amplifica-
tion is not merely additive but interactive: a post that is both
over-flagged (detection bias) and miscategorized (classification
bias) receives a harsher disposition than either error alone
would produce. Moreover, the disposition agent’s decisions
feed back into the platform ecosystem. When marginalized
voices are disproportionately silenced, the resulting discourse
environment may shift toward dominant-group perspectives,
creating a secondary bias that operates at the level of platform-
wide information ecology rather than individual moderation
decisions.

The formal model is particularly relevant here because
the pipeline processes high volumes (> 1000 posts/hour),
meaning that even small per-step bias probabilities produce
large absolute numbers of biased decisions. With three agents
and two handoffs, the model predicts that the system-level
disparate impact ratio will exceed the per-agent ratio by a
factor of γ2, where γ captures the amplification at each
handoff. Consider a concrete parameterization: if the detec-
tion agent has a false positive rate 15% higher for dialectal
content than for standard-variety content, the classification
agent miscategorizes reclaimed language with 20% higher
probability than non-reclaimed language, and the disposition
agent selects the most punitive action 10% more often for
content from minority-group users, the compound effect across
the pipeline produces a disparate impact ratio substantially
outside the 0.8–1.25 range that fairness standards typically
require [16]. The multiplicative handoff factor (γ2) further
amplifies this disparity, because context about the original
linguistic variety and communicative intent is progressively
lost as content moves through the pipeline. Over the course of
a single day, processing thousands of posts per hour, these per-
post disparities translate into hundreds or thousands of biased
moderation decisions, with measurable effects on the visibility
and participation of affected communities.

Framework application. The pre-deployment assessment
evaluates the detection agent across a multilingual, multi-
dialectal test suite that includes reclaimed language, counter-
speech, coded hate speech, satire, and code-switched con-
tent [38]. The test suite is constructed to ensure adequate
representation of the linguistic varieties and communicative
practices that are known to trigger disparate performance, and
it is periodically updated to reflect evolving language use and
emerging forms of coded toxicity. Counterfactual fairness test-



ing supplements the test suite by evaluating whether the same
semantic content expressed in different linguistic varieties or
attributed to different demographic groups receives equivalent
moderation outcomes.

The runtime monitoring component tracks false positive
and false negative rates disaggregated by language variety,
topic, and inferred demographic group of the content creator.
Monitoring operates at two temporal scales: real-time alerting
for acute spikes in disparate moderation (which may indicate
emerging bias triggered by current events or trending topics)
and longitudinal tracking for chronic patterns of differential
treatment that accumulate over weeks or months. When dis-
parate impact exceeds the threshold specified by the fairness
policy (disparate impact ratio outside the 0.8–1.25 range
[16]), the Ethics Layer triggers an alert and, if the disparity
persists, reduces the autonomy level from Tier 1 to Tier 2 for
the affected content categories, requiring human review. The
escalation logic considers both the magnitude of the disparity
and its duration: brief spikes during breaking news events
may be tolerated with heightened monitoring, while persistent
disparities trigger mandatory human review.

The Governance Layer generates weekly compliance re-
ports that document moderation rates, appeal outcomes, and
fairness metrics, providing the transparency required by plat-
form governance obligations [17]. These reports include dis-
aggregated moderation statistics by language variety, content
category, and user demographics, as well as trend analyses that
track whether identified disparities are improving or worsening
over time. The reports are structured to support both internal
quality assurance and external regulatory compliance, with
separate summaries for technical teams (who need granular
metric breakdowns) and governance boards (who need high-
level risk assessments).

Cross-agent propagation audits specifically track how de-
tection errors at the first stage cascade through classification
and disposition, enabling targeted calibration of the pipeline
components that contribute most to system-level bias. The
audits apply the formal model from Section III-B to empirical
moderation data, estimating the per-agent bias contributions
(δ and α parameters) and handoff amplification factors (γ) for
each content category and linguistic variety. These estimates
guide prioritised remediation: if the detection agent’s false
positive rate for dialectal content is identified as the dominant
contributor to system-level disparity, calibration efforts are
focused on that specific component rather than distributed
uniformly across the pipeline. The propagation audit also
examines whether the disposition agent’s decisions are appro-
priately sensitive to uncertainty signals from upstream agents;
ideally, when the classification agent reports low confidence
in its categorization, the disposition agent should default to
the less punitive action (dismiss or reduce distribution) rather
than applying the harshest sanction (removal) based on an
unreliable classification.

VII. DISCUSSION

A. Comparison with Existing Frameworks

Table III compares our framework with four prominent
trustworthy AI instruments across eight dimensions relevant
to agentic systems. The comparison reveals that while exist-
ing frameworks provide strong normative foundations, none
addresses the specific challenges of autonomous multi-agent
architectures comprehensively.

The EU Ethics Guidelines [20] establish human oversight as
a core requirement but do not operationalize it for systems that
make extended autonomous decision chains. The Guidelines
identify seven key requirements for trustworthy AI, including
human agency and oversight, transparency, and diversity and
non-discrimination. These requirements are sound in principle,
but they presuppose a system architecture in which mean-
ingful human decision points exist. For an agentic system
that autonomously decomposes a complex task into dozens of
sub-tasks, selects tools, retrieves information, and synthesizes
results, the Guidelines do not specify where human oversight
should be inserted, how much of the decision chain must be
transparent, or what “meaningful” human control looks like
when the system’s reasoning is distributed across multiple
agents. The partial coverage of autonomous reasoning reflects
the Guidelines’ acknowledgment that AI systems should not
undermine human autonomy, but the mechanisms proposed
(impact assessments, oversight boards) operate at the organi-
zational level rather than the architectural level where agentic
decisions are made.

The EU AI Act [17] introduces risk-based classification
and lifecycle monitoring obligations but applies these to in-
dividual AI systems, not to multi-agent architectures where
accountability is distributed. The Act’s strength lies in its
establishment of legally binding obligations for high-risk AI
systems, including conformity assessments, technical docu-
mentation, and post-market surveillance. However, its unit
of regulation is the individual AI system, and it does not
address the case where multiple AI systems (each potentially
compliant in isolation) interact to produce outcomes that
none of them individually controls. The Act’s transparency
requirements (Article 13) require that high-risk systems be
sufficiently transparent for users to interpret their outputs,
but this requirement becomes ambiguous when applied to
a multi-agent pipeline where the “output” is the product of
several autonomous agents’ sequential reasoning. The lifecycle
auditing provisions of the Act are a genuine strength, and
our framework’s Governance Layer is designed to generate
the documentation and monitoring data that the Act requires;
however, the Act does not prescribe the specific auditing
mechanisms needed for multi-agent architectures, such as
cross-agent propagation audits or handoff bias monitoring.

The NIST AI RMF [18] provides a comprehensive gov-
ernance process (govern, map, measure, manage) that could
accommodate agentic systems in principle, but its current
guidance does not address multi-agent coordination, tool se-
lection bias, or emotion stereotyping. The RMF’s greatest



TABLE III
COMPARISON OF TRUSTWORTHY AI FRAMEWORKS ACROSS DIMENSIONS RELEVANT TO AGENTIC SYSTEMS. ✓ = EXPLICITLY ADDRESSED; ∼ =

PARTIALLY ADDRESSED; — = NOT ADDRESSED.

Framework Multi-agent Autonomous Bias Emotion Tiered Lifecycle Formal Source
accountability reasoning pipeline stereotyping autonomy auditing model diversity

EU Ethics [20] — ∼ ∼ — ∼ — — —
EU AI Act [17] — ∼ ∼ — ∼ ✓ — —
NIST AI RMF [18] — ∼ ∼ — — ✓ — —
AI4People [30] — — ∼ — — — — —
ISO/IEC 42001 [19] — ∼ ∼ — — ✓ — —
Our framework ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

contribution is its structured approach to AI risk management,
which provides a vocabulary and process framework that
organizations can adapt to their specific contexts. The “Map”
function, which involves contextualizing AI risks, could in
principle be extended to account for the bias amplification
dynamics of agentic systems, but the current RMF docu-
mentation does not identify these dynamics as a distinct risk
category. The “Measure” function, which involves quantifying
AI risks, does not address the challenge of measuring bias
that compounds across multiple agents and reasoning steps.
The framework’s voluntary nature is both a strength (enabling
flexible adaptation) and a limitation (providing no enforce-
ment mechanism for trustworthiness requirements in agentic
systems). Our framework’s formal model of bias propagation
could serve as a quantitative input to the RMF’s “Measure”
function, providing the analytical tools needed to extend the
RMF’s risk quantification to agentic architectures.

AI4People [30] offers a principled ethical framework orga-
nized around beneficence, non-maleficence, autonomy, justice,
and explicability, but remains at the level of abstract norms
without operationalization for specific architectural patterns.
The framework’s strength is its philosophical grounding,
which provides a coherent ethical vocabulary for discussing
AI governance. However, the gap between these abstract
principles and the concrete engineering decisions required to
build trustworthy agentic systems is substantial. The justice
principle, for example, requires that AI systems promote
fairness and prevent discrimination, but it does not specify
how fairness should be measured in a multi-agent system, what
thresholds are appropriate, or how competing fairness criteria
should be balanced when they conflict. The explicability
principle requires that AI decisions be understandable, but
it does not address the specific explainability challenges of
distributed agentic reasoning, where the causal chain from
input to output passes through multiple autonomous agents.
Our framework operationalizes AI4People’s principles through
concrete architectural mechanisms: the Ethics Layer oper-
ationalizes justice through configurable fairness constraints,
the Governance Layer operationalizes explicability through
comprehensive audit trails, and the tiered autonomy model op-
erationalizes the human autonomy principle through dynamic
calibration of human oversight.

ISO/IEC 42001 [19] provides a management system ap-

proach to AI governance that supports lifecycle auditing but
does not prescribe the technical mechanisms needed to address
agentic-specific challenges. As a management system stan-
dard, ISO/IEC 42001 specifies organizational processes (risk
assessment, policy development, monitoring, and continuous
improvement) rather than technical architectures. This makes
it complementary to our framework: an organization could
implement ISO/IEC 42001 as its overarching AI governance
process and use our framework to specify the technical
architecture within which that governance process operates.
However, ISO/IEC 42001 alone does not identify the spe-
cific risks of multi-agent bias amplification, does not specify
architectural requirements for ethics verification, and does
not address the unique challenges of emotion-aware agents.
Its lifecycle auditing provisions, while valuable, are oriented
toward organizational processes rather than the fine-grained
technical auditing (cross-agent propagation tracking, handoff
bias measurement, real-time fairness monitoring) that agentic
systems require.

Our framework extends these instruments in four specific
directions. First, the seven-layer architecture with a cross-
cutting Ethics Layer provides an architectural locus for trust-
worthiness verification that is absent from normative frame-
works. This is not merely an additional layer of checking; it
is a structural commitment to embedding ethical verification
into the agent’s decision-making process, analogous to how
security is embedded into network protocol stacks rather than
bolted on after the fact. Second, the lifecycle bias detection
pipeline operationalizes fairness requirements for the specific
dynamics of agentic systems, including tool selection bias and
reasoning chain amplification. The pipeline translates abstract
fairness principles into measurable metrics with configurable
thresholds, enabling both automated intervention and human
oversight at appropriate granularity. Third, the emotion-aware
design principles address a category of bias (demographic
stereotyping in emotion attribution) that existing frameworks
do not specifically target despite its growing relevance as
emotion-aware agents proliferate. The principles provide ac-
tionable design guidance grounded in empirical evidence
[10], [11], filling a gap that purely normative frameworks
leave open. Fourth, the formal model of bias propagation
(Section III-B) provides a quantitative foundation for under-
standing why agentic systems require more robust governance



than static models, enabling principled threshold-setting for
bias detection and intervention. The model transforms the
intuitive argument that “bias compounds” into a precise math-
ematical statement with testable predictions, connecting the
trustworthiness discussion to the quantitative risk management
approaches favoured by regulatory frameworks.

B. Implications for Regulation

The analysis presented in this paper has several implications
for AI regulation that extend beyond the specific frameworks
evaluated above.

First, the EU AI Act’s risk classification, which is based
on application domain, may need to be supplemented with a
classification dimension based on the degree of autonomous
reasoning an AI system performs. A high-autonomy system
operating in a medium-risk domain may pose greater trust-
worthiness risks than a low-autonomy system in a high-risk
domain, because the bias amplification dynamics documented
in Section III are a function of reasoning chain length and
agent count, not solely of application context. The formal
model demonstrates that a three-agent pipeline with modest
per-step bias parameters can produce system-level bias that
exceeds the level of a single-step system operating in a
higher-risk domain. Regulators should therefore consider a
two-dimensional risk classification that accounts for both the
application domain and the system’s architectural complexity,
including the number of autonomous agents, the length of
reasoning chains, and the degree of inter-agent coordination.

Second, transparency obligations need to be extended to
cover multi-agent systems as integrated wholes, not just
individual components. The current approach of requiring
transparency for individual AI systems does not capture
the emergent opacity that arises from agent interactions. A
multi-agent system in which every individual agent provides
adequate documentation may still produce outcomes whose
provenance is opaque at the system level, because no single
agent’s documentation explains how the agents’ interactions
shaped the final output. Regulatory frameworks should require
“system-level transparency reports” that document how infor-
mation and decisions flow through multi-agent architectures,
analogous to the supply chain transparency requirements in
other regulated industries. These reports should include in-
teraction diagrams showing the flow of information between
agents, aggregated bias metrics at both the agent and system
levels, and documentation of the mechanisms (if any) that
monitor and control inter-agent bias propagation. The audit
trail requirements specified by our framework’s Governance
Layer provide a technical foundation for generating such
reports.

Third, the formal model suggests that compliance testing for
agentic systems should include multi-step bias evaluation (not
just single-inference testing) and inter-agent handoff auditing.
Static fairness benchmarks, while necessary, are insufficient
for systems whose bias characteristics change dynamically as
a function of reasoning chain configuration. A system that
passes demographic parity tests in a single-step evaluation may

systematically fail them when operating as part of a multi-
agent pipeline, because the compounding dynamics revealed
by the formal model introduce bias that is not present in any
individual component. Regulators should consider requiring
pipeline-level fairness assessments that evaluate the system’s
bias characteristics across its full range of operational config-
urations, including multi-agent scenarios, extended reasoning
chains, and diverse tool combinations. The validation protocol
specified in Section V-B provides a template for such assess-
ments.

Fourth, the emotion attribution biases documented in Sec-
tion III-D suggest that emotion-aware AI applications may
warrant specific regulatory attention. As agentic systems
increasingly incorporate emotion recognition to personalize
interactions in mental health, education, customer service,
and other domains, the risk of systematic discrimination
through stereotyped emotion attribution becomes a significant
regulatory concern. Regulatory frameworks should consider
requiring emotion attribution fairness assessments as part of
the conformity evaluation for AI systems that claim to detect
or respond to user emotions, with specific attention to the
demographic invariance of emotional assessments and the
downstream consequences of biased attributions.

Fifth, the accountability gap identified in Section III-C has
implications for liability frameworks. When a multi-agent sys-
tem produces a harmful output, determining which agent (or
which inter-agent interaction) is responsible requires the kind
of structured audit trail that current agentic frameworks do not
provide. Regulatory frameworks should consider requiring that
multi-agent systems implement accountability mechanisms
that enable post-hoc attribution of harmful outcomes to spe-
cific agents, decisions, or interactions, analogous to the chain-
of-custody requirements in forensic contexts. Without such
mechanisms, the distributed nature of agentic decision-making
may create accountability vacuums in which no single actor
is identifiably responsible for biased or harmful outcomes.

C. Limitations

We acknowledge several limitations of the work presented
in this paper.

First, the framework presented here is primarily conceptual;
it has not been validated through full-scale implementation.
The architectural principles and bias detection techniques draw
on established research [10], [12], [15], but their integration
into a unified agentic architecture requires engineering work
and empirical evaluation. The challenge of integrating multiple
bias detection techniques (source diversity monitoring, framing
analysis, emotion attribution auditing, cross-agent propagation
tracking) into a coherent Ethics Layer that operates in real
time, without introducing excessive latency or false positive
rates, is non-trivial and cannot be fully assessed without im-
plementation. The validation protocol specified in Section V-B
provides a concrete path toward empirical validation but
remains to be executed. Until the framework is implemented
and tested in realistic deployment conditions, its effectiveness



remains a theoretical proposition rather than an empirical
finding.

Second, our application scenarios are illustrative rather than
experimental. While they demonstrate how the framework
applies to concrete situations, they do not provide quantitative
evidence of effectiveness. The scenarios are designed to show
the range of trustworthiness challenges that agentic systems
face and to illustrate how the framework’s components address
them, but they do not prove that the proposed interventions
would reduce bias by a specific amount or improve outcomes
by a measurable margin. The preliminary observations in
Section ?? connect our predictions to published empirical find-
ings, but direct measurement of bias amplification in agentic
pipelines, and the effectiveness of our proposed mitigations,
requires the experiments described in the validation protocol.
We have been transparent about this limitation because we be-
lieve that clearly distinguishing between theoretical predictions
and empirical evidence is essential for responsible scholarship
in this area.

Third, the formal model in Section III-B relies on simpli-
fying assumptions (independence across steps, fixed amplifi-
cation factors) that may not hold in practice. In real agentic
systems, bias dynamics are likely to be more complex, with
non-linear interactions between steps and context-dependent
amplification rates. For example, the amplification factor at
a given step may depend on the specific content being pro-
cessed, the identity of the upstream agent, or the particular
combination of tools being used, creating interactions that the
model’s independence assumption does not capture. The fixed-
parameter assumption may also fail in systems where bias
rates change over time due to model fine-tuning, distribution
shift in the input data, or adaptation based on user feedback.
The model provides useful qualitative predictions and order-
of-magnitude estimates, but precise quantification of bias
amplification will require empirical calibration with system-
specific parameters. We view the model as a useful analytical
tool for structuring thinking about bias propagation, not as a
precise predictive instrument.

Fourth, the framework focuses on LLM-based agentic sys-
tems within the regulatory context of Western liberal democ-
racies, particularly the European Union. The dynamics of
agentic AI governance may differ in other regulatory and
cultural contexts, where conceptions of fairness, autonomy,
and appropriate oversight vary [29]. The cultural adaptability
principle proposed in Section IV-C acknowledges this chal-
lenge but does not resolve it fully. Fairness criteria that are
considered normative in European regulatory contexts (demo-
graphic parity, equal opportunity) may not align with fairness
conceptions in other cultural traditions, and the emotion-aware
design principles, while informed by cross-cultural research,
are inevitably shaped by the Western psychological frame-
works in which much of the cited empirical work was con-
ducted. Adapting the framework to diverse cultural contexts
requires engagement with local ethical traditions, regulatory
environments, and stakeholder communities that goes beyond
what a single paper can accomplish.

Fifth, the computational cost of comprehensive bias moni-
toring (particularly cross-cutting Ethics Layer checks at every
inter-layer communication) may be significant. The validation
protocol specifies latency overhead measurement as a key
metric, but the trade-off between thoroughness of oversight
and system performance will need to be optimized empirically.
In high-throughput applications such as content moderation,
where the system processes thousands of posts per hour,
even modest per-action overhead can translate into substantial
aggregate computational costs. Sampling-based approaches,
where the Ethics Layer evaluates a representative subset of
agent actions rather than every action, offer a promising
direction for managing this cost, but they introduce a coverage
gap: biased actions that fall outside the sample will not be
caught in real time. The optimal sampling rate and strategy
(random, stratified, risk-weighted) will depend on the specific
application’s tolerance for undetected bias and its compu-
tational budget, and determining the right balance requires
empirical investigation.

Sixth, the compliance analysis in Section V-A reflects the
state of evaluated frameworks as of early 2026. The rapid
pace of development in the agentic AI ecosystem means that
frameworks may add trustworthiness features between the
time of writing and publication. However, the architectural
gap we identify (the absence of dedicated ethics and gover-
nance layers) is a structural characteristic that is unlikely to
be resolved through incremental feature additions. Adding a
fairness check or an audit log to an existing framework is
different from redesigning the architecture to embed ethical
verification as a cross-cutting concern; the former addresses
individual symptoms while the latter addresses the systemic
condition. We expect our analysis of the architectural gap to
remain relevant even as individual frameworks evolve, because
the gap reflects a design philosophy (prioritizing capability
over governance) rather than a simple feature omission.

D. Open Challenges

The analysis presented in this paper points to six open
challenges for the research community.

Standardization and interoperability. The fragmentation
of agentic AI frameworks impedes systematic governance [28].
Common protocols for inter-agent communication, standard-
ized interfaces for bias testing, and shared benchmarks for
fairness evaluation would enable cross-platform auditing and
regulatory compliance. The development of such standards
requires collaboration between AI researchers, industry prac-
titioners, and regulatory bodies. The analogy to networking
standards (OSI, TCP/IP) is instructive: standardization enabled
interoperability, security auditing, and regulatory enforcement
that were impossible in the fragmented pre-standards era.
In the agentic AI context, standardization should address at
least three layers: a communication protocol layer (specifying
how agents exchange messages and metadata), a governance
interface layer (defining standard APIs for bias reporting, audit
trail generation, and oversight integration), and a benchmark-
ing layer (establishing shared evaluation suites and metrics



for trustworthiness assessment). The communication protocol
layer is particularly important because it determines what
metadata (provenance information, bias assessments, confi-
dence scores) can accompany information as it flows through
multi-agent systems; without standardized metadata schemas,
the cross-agent propagation auditing that our framework re-
quires cannot be implemented across heterogeneous frame-
works. Industry consortia, standards bodies such as ISO and
IEEE, and regulatory agencies each have roles to play in this
standardization effort, but the urgency of the challenge de-
mands faster coordination than traditional standards processes
typically deliver.

Scalable oversight. As multi-agent systems grow in com-
plexity, human oversight cannot scale linearly with the number
of agent interactions. Automated oversight mechanisms (AI
systems that monitor other AI systems for bias and safety
violations) offer a promising direction but raise their own
trustworthiness questions: who audits the auditor? Hierarchical
supervision models in which specialized oversight agents
monitor operational agents deserve investigation, with par-
ticular attention to the risk of cascading failures [42]. The
validation protocol’s Experiment 3 provides a starting point for
evaluating oversight effectiveness. Several research directions
are relevant here. First, the development of efficient bias
detection techniques that can operate at the scale of agentic
systems without introducing prohibitive latency, potentially
through distilled or specialized monitoring models that are
faster than the agents they monitor. Second, the design of
oversight architectures that provide formal guarantees about
coverage and detection rates, drawing on techniques from
formal verification and runtime monitoring in safety-critical
systems. Third, the investigation of decentralized oversight
models in which multiple independent monitors provide redun-
dant checking, reducing the risk that a single point of oversight
failure allows biased behaviour to persist. The recursive nature
of the oversight problem (monitors may themselves be biased)
suggests that a combination of automated monitoring, periodic
human auditing, and structural architectural safeguards will be
needed rather than any single oversight mechanism.

Measuring trustworthiness comprehensively. No single
metric captures trustworthiness. Demographic parity, equalized
odds, and disparate impact ratio each capture different fairness
properties, and optimizing for one can worsen another [15].
For agentic systems, the challenge is compounded by the need
to measure trust across multiple dimensions simultaneously
(performance, fairness, transparency, and user experience)
while accounting for the temporal dynamics of systems that
learn and adapt. Developing composite trustworthiness indices
that are resistant to gaming remains an open problem. The
tension between different fairness metrics is well-documented
in the static model literature, but agentic systems introduce
additional complexities: fairness may need to be measured
across reasoning chains (not just individual outputs), across
agents (not just individual models), and across time (not just
individual interactions). A multi-agent system could achieve
demographic parity at the system level while individual agents

exhibit substantial disparities that cancel out in aggregate;
whether this constitutes a fair system depends on normative
judgments that the metrics alone cannot resolve. Research
is needed on trustworthiness measurement frameworks that
are specifically designed for the sequential, distributed, and
adaptive characteristics of agentic systems, capturing both
the instantaneous fairness of individual decisions and the
longitudinal fairness of the system’s cumulative impact on
different user groups.

Long-term value alignment. Societal values evolve, and
agents that are aligned with current norms may become mis-
aligned over time. This temporal dimension of alignment [42]
is particularly relevant for agents with persistent memory that
accumulate behavioral patterns over extended deployments.
Mechanisms for periodic realignment, transparent value up-
dating, and graceful handling of moral uncertainty are needed.
The challenge is not merely technical but philosophical: how
should an autonomous system behave when it encounters a
situation in which its encoded values conflict, when societal
consensus on a value question has shifted since the system was
deployed, or when different stakeholder groups hold genuinely
incompatible value positions? Current alignment techniques
(RLHF, constitutional AI) produce a static snapshot of the
values embodied in the training process; they do not provide
mechanisms for ongoing value evolution. Research is needed
on dynamic alignment approaches that allow agents to update
their value orientations in response to changing societal norms
while maintaining stability and predictability, on governance
processes for deciding when and how value updates should
occur, and on transparency mechanisms that inform users when
an agent’s values have been updated and what the implications
are. The persistent memory of agentic systems adds a further
complication: accumulated interaction patterns may embed
values that are no longer current, creating a form of value
inertia that resists alignment updates applied only to the base
model.

Cross-cultural fairness. The five emotion-aware design
principles proposed in Section IV-C represent a starting point,
but achieving genuine cross-cultural fairness in emotion-aware
agents requires deeper engagement with cultural psychology,
linguistic anthropology, and the diverse traditions of ethical
thought that inform different societies’ conceptions of fairness,
autonomy, and emotional wellbeing [29]. The challenge ex-
tends beyond emotion attribution to encompass the full range
of agentic interactions: how agents frame information, what
sources they privilege, what constitutes “balanced” coverage,
and what level of autonomy is appropriate for a given task are
all questions whose answers vary across cultural contexts. A
content moderation agent that applies Western liberal norms
about free expression to content produced in a cultural context
with different norms about group honour, religious sensitivity,
or political discourse will produce moderation outcomes that
are experienced as unfair by users in that context, even if the
agent passes fairness tests calibrated to Western benchmarks.
Research is needed on culturally adaptive fairness frameworks
that can accommodate plural conceptions of fairness without



collapsing into relativism, on methods for eliciting and en-
coding cultural fairness norms from diverse stakeholder com-
munities, and on governance mechanisms that allow agents to
adapt their fairness criteria to local contexts while maintaining
compliance with overarching human rights standards.

Evaluation benchmarks. The field lacks standardized
benchmarks for evaluating trustworthiness in agentic systems.
Existing fairness benchmarks evaluate static models on fixed
datasets; agentic systems require dynamic evaluation envi-
ronments that test sequential decision-making, tool selection,
multi-agent coordination, and adaptive behavior over time.
The validation protocol in Section V-B contributes a detailed
experimental design, but the broader community needs shared
benchmark suites, analogous to what SemEval tasks [45]
provide for NLP, that enable reproducible comparison of
trustworthiness approaches across agentic architectures. The
development of such benchmarks faces several challenges.
First, the state space of agentic interactions is much larger
than that of static model evaluations: benchmarks must capture
not just the accuracy of individual outputs but the fairness of
sequences of decisions, the quality of tool selection, and the
appropriateness of inter-agent coordination. Second, bench-
marks for agentic systems need to be dynamic, testing how
systems respond to changing inputs, adversarial probes, and
evolving contexts over extended interaction horizons, rather
than evaluating fixed input-output pairs. Third, benchmarks
must be designed to resist gaming: agents optimised to pass a
specific fairness benchmark may achieve good scores on the
benchmark while exhibiting biased behaviour in the out-of-
distribution scenarios that benchmarks inevitably fail to cover.
Fourth, benchmarks should be culturally and linguistically
diverse, reflecting the global deployment contexts of agentic
systems rather than the English-language, Western-normative
evaluation environments that dominate current NLP evalua-
tion. Community-driven benchmark development efforts, mod-
eled on successful shared-task campaigns in NLP and related
fields, offer the most promising path toward the standardised
evaluation resources that the field urgently needs.

VIII. CONCLUSION

Agentic AI systems are qualitatively different from the
static models for which existing trustworthy AI frameworks
were designed. Their autonomy, multi-step reasoning, tool
use, and multi-agent coordination create new vectors for
bias amplification, new obstacles to transparency, and new
risks of discriminatory action, particularly in emotion-aware
applications where stereotyped attributions can trigger conse-
quential autonomous decisions. The shift from AI-as-tool to
AI-as-agent is not merely a matter of increased capability;
it is a paradigm change that requires correspondingly new
approaches to governance, fairness, and accountability.

This paper has argued that addressing these challenges
requires not incremental extensions to existing frameworks
but purpose-built governance architectures. We have provided
both theoretical and analytical foundations for this argument,

spanning formal modelling, architectural design, empirical
grounding, and regulatory analysis.

The formal model of bias propagation (Section III-B)
demonstrates that bias compounds super-linearly through
multi-step reasoning chains, with multiplicative amplification
at inter-agent handoffs. The model formalizes what intuition
suggests: that longer reasoning chains and more complex
multi-agent architectures produce disproportionately more bias
than simpler systems, even when the per-step bias rates are
modest. This result has direct implications for the design of
agentic systems, because it shows that alignment techniques
applied only to the base model are necessary but insufficient;
the architecture itself must include mechanisms for detecting
and mitigating the bias that accumulates through sequential
reasoning and inter-agent coordination.

The compliance analysis of four major agentic frameworks
(Section V-A) reveals systematic architectural gaps: none
implements dedicated ethics verification, source diversity mon-
itoring, or dynamic tiered autonomy. These gaps are not mere
feature omissions that could be addressed through incremental
updates; they reflect a design philosophy that prioritizes agent
capability over agent governance. The analysis demonstrates
that the trustworthiness challenges of agentic AI cannot be
solved by adding checks to existing architectures; they require
rethinking the architecture itself to embed governance as a
structural concern.

Our framework addresses these gaps through four integrated
components. First, a seven-layer architecture that embeds
ethics and governance as structural layers rather than external
add-ons, with a cross-cutting Ethics Layer that intercepts and
evaluates data flows throughout the agent’s decision process.
This architectural approach ensures that ethical verification
is not confined to input filtering or output checking but
operates at every stage of the agent’s reasoning, action, and
communication. Second, a lifecycle bias detection pipeline
that monitors for bias amplification from development through
deployment, providing pre-deployment assessment, runtime
monitoring, and post-deployment auditing in a continuous im-
provement cycle. The pipeline operationalizes fairness require-
ments through concrete, measurable metrics and configurable
intervention thresholds, translating abstract principles into
engineering practices. Third, design principles for emotion-
aware agents grounded in empirical evidence of stereotyping in
LLMs, providing actionable guidelines for building agents that
recognize and respond to human emotions without perpetuat-
ing the gendered and religious stereotypes that current models
exhibit. These principles address a critical gap in existing
governance frameworks, which do not specifically target the
bias risks associated with emotion-aware AI despite the rapid
proliferation of such applications. Fourth, a tiered autonomy
model that dynamically calibrates human oversight to risk,
ensuring that high-stakes decisions receive appropriate human
involvement while low-risk tasks benefit from full automation.
The tiered model resolves the tension between agent autonomy
and human control not through a single policy but through a
risk-responsive spectrum that adapts to the content and context



of each agent action.
The empirical validation protocol (Section V-B) provides a

concrete path toward measuring the framework’s effectiveness
through controlled experiments targeting bias amplification,
emotion attribution bias, and intervention effectiveness. The
three experiments are designed to test the core predictions of
the formal model (that multi-step agentic processing amplifies
bias relative to single-step processing), to evaluate the frame-
work’s ability to reduce that amplification, and to measure
the practical costs of trustworthiness monitoring in terms of
latency and false intervention rates. While the protocol remains
to be executed, it provides a reproducible experimental design
that the research community can adopt and extend.

Looking ahead, several directions for future work emerge
from this analysis. The most immediate priority is the imple-
mentation and empirical validation of the framework through
the experiments specified in the validation protocol. A pro-
totype implementation of the seven-layer architecture, with
the Ethics Layer operating in real time alongside operational
agents built on existing frameworks such as AutoGen or
LangChain, would enable direct measurement of the bias
amplification dynamics that the formal model predicts and
the effectiveness of the interventions that the framework
prescribes. Beyond implementation, the framework needs to
be extended in several directions. The formal model should
be refined to account for non-linear interactions between
processing steps, context-dependent amplification rates, and
the temporal dynamics of bias in systems with persistent
memory. The emotion-aware design principles should be val-
idated through user studies with diverse populations, testing
whether the principles effectively prevent stereotyped emotion
attribution without degrading the quality of emotional support.
The tiered autonomy model should be evaluated in deploy-
ment settings to determine whether dynamic tier transitions
produce the expected improvements in oversight effectiveness
and whether the transition logic can be calibrated to avoid
both under-escalation (missing high-risk situations) and over-
escalation (overwhelming human reviewers with unnecessary
approvals). The compliance analysis should be expanded to
cover additional agentic frameworks and updated as existing
frameworks evolve. Finally, the framework should be adapted
for deployment in diverse regulatory and cultural contexts,
engaging with non-Western conceptions of fairness, autonomy,
and appropriate oversight to ensure that trustworthy agentic AI
is not defined solely through the lens of European regulatory
norms.

The framework is a starting point, not a final answer. It re-
quires empirical validation, engineering refinement, and adap-
tation to the diverse regulatory and cultural contexts in which
agentic systems operate. The open challenges we have identi-
fied (standardization, scalable oversight, comprehensive trust-
worthiness measurement, long-term alignment, cross-cultural
fairness, and evaluation benchmarks) define a research agenda
that will require sustained collaboration across AI, ethics,
social science, and policy communities. No single discipline
possesses the tools to address these challenges alone: computer

scientists must develop the architectural mechanisms and
detection techniques; ethicists must articulate the normative
frameworks that guide system design; social scientists must
provide the empirical understanding of bias, stereotyping, and
cultural variation that informs both architecture and evaluation;
and policymakers must create the regulatory environments that
incentivize trustworthiness without stifling innovation.

The question “who guards the agents?” does not have
a single answer. It demands layered responses: architec-
tural safeguards that prevent bias from compounding through
autonomous reasoning, detection pipelines that catch what
safeguards miss, formal models that quantify the risks and
inform principled threshold-setting, human oversight that re-
mains meaningful without becoming a bottleneck, regulatory
frameworks that account for the distributed and dynamic
nature of agentic decision-making, and a research community
committed to developing the tools and standards that make
trustworthy agentic AI not merely aspirational but achievable.
As agentic systems assume greater autonomy and influence
over decisions that affect human lives, the urgency of provid-
ing robust, evidence-based answers to this question will only
intensify. The framework presented in this paper contributes
the architectural foundations, analytical tools, and design
principles needed to begin constructing those answers. The
work of building, testing, and refining them is a collective
responsibility that the field must embrace with the seriousness
that the stakes demand.
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