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ABSTRACT
Large languagemodels are increasingly deployed as advisory agents
in education, healthcare, workplace support, and everyday decision-
making. In these roles, outputs do more than inform; they frame
options, justify recommendations, and implicitly position users and
social roles. This doctoral research examines the socio-normative
trustworthiness of large language model advisors, focusing on ef-
fects on (i) user autonomy in decision support and (ii) represen-
tational fairness across identities and languages. The thesis de-
velops theory-grounded, scenario-based evaluations, including an
autonomy-sensitive advising benchmark (epistemic conflict, rela-
tional dilemmas, normative self governance), a progressive narra-
tive benchmark for implicit and intersectional bias, and a multi-
lingual, values-oriented probe of cross-lingual role trait framing
divergence. Together, these contributions identify and measure
normative influence in large language model agents, enable com-
parison across models and contexts, and inform mitigation via
autonomy-supportive design and bias aware generation.
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1 MOTIVATION AND PROBLEM
Large Language Models (LLMs) increasingly act as advisors: they
recommend actions, explain reasons, and offer reassurance in do-
mains where users must ultimately decide (e.g., health triage, study
planning, workplace conflict). Unlike traditional decision support
systems, LLMs can simulate social reasoning and produce norma-
tive language that can shape how users interpret advice, authority,
responsibility, and whether to defer, self-assert, or negotiate. This
raises a trustworthiness question that is not only epistemic (is it
correct?) but socio-normative: does the interaction support users’
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capacities to reason and choose for themselves, and does it fairly
represent people and roles across social and linguistic contexts?

Two lenses motivate the agenda. First, autonomy in human-AI
decision support is relational and epistemic, involving self-trust and
normative authority, not merely availability of options [6, 17, 27, 35].
Concerns about AI systems being treated as authorities rather than
tools, and about users partially delegating judgment to artificial
agents, further underscore the need for autonomy-sensitive evalua-
tion [8, 15, 16, 29]. Second, representational harms can arise without
explicit slurs: subtle framing differences can assign competence,
warmth, or authority unequally across identities, especially under
narrative context and intersectional cues [21, 28, 30]. Related work
in NLP and AI ethics has shown that LLMs can encode political and
demographic associations, reproduce subtle identity-linked fram-
ing, and misportray or flatten social groups even without overtly
toxic language [23, 25, 32, 34]. Emerging multilingual and cross-
lingual studies further suggest that such associations may shift
across languages and cultural settings rather than remain stable
translations of one another [3, 28]. However, most existing work
studies these harms in general generation or classification settings;
less is known about how they arise when LLMs function specifically
as advisor agents, where language can simultaneously shape user
autonomy, perceived authority, and representational fairness.

2 RESEARCH QUESTIONS
The thesis asks how LLM-generated language influences auton-
omy and fairness when models operate as advisor agents: (RQ1)
In common dilemmas (epistemic conflict, relational disagreement,
moral self-governance), do LLMs encourage deference, independent
judgment, or negotiated autonomy, and does this differ by social
role?; (RQ2) How do implicit and intersectional identity cues (e.g.,
gender and age) change explanations, evaluations, and attributions
in otherwise identical contexts [5, 23, 25]?; (RQ3) Prior work sug-
gests that values and social associations may vary across linguistic
settings; do these normative tendencies remain stable across lan-
guages, or do role/trait associations shift under translation and
cultural-linguistic variation [3, 28]?; (RQ4)Which interaction- and
generation-level interventions reduce autonomy-steering and bi-
ased framing without harming usefulness?

3 APPROACH: SCENARIO BASED,
THEORY-GROUNDED EVALUATION

A core methodological commitment is to evaluate LLMs in struc-
tured but socially plausible scenarios rather than isolated prompts.
Across the thesis, scenarios are designed to (i) encode a targeted
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normative tension, (ii) allow controlled manipulations (role, iden-
tity cues, language), and (iii) support both qualitative analysis of
framing and quantitative comparison across models.

Each benchmark instantiates scenarios using a shared schema:
the user role (e.g., student, patient, employee), the advisor persona
(supportive peer vs. institutional assistant), the decision context, and
an explicit help request. We standardize decoding settings and eval-
uate multiple sampled responses per scenario to capture stochastic
variation in framing. The same scenario set is reused across model
families and interaction styles, enabling controlled comparisons of
normative tendencies. For autonomy, we annotate (and automati-
cally approximate) (i) stance (conformity/assertion/compromise), (ii)
directive force (imperatives, high-certainty modals), (iii) markers
of epistemic authority and deference [16, 35], (iv) option support
(number and diversity of actionable alternatives), and (v) prefer-
ence elicitation and uncertainty signaling. For fairness, we track
shifts in moral evaluation and agency/blame [5], role- and identity-
linked trait attributions [21, 30], and politeness/authority framing,
complemented by scalable lexical and sentiment measures [22].

3.1 Autonomy-sensitive advising benchmark
The thesis develops an autonomy assessment framework covering
epistemic conflict (own judgment vs. authority), relational dilemmas
(self-interest vs. obligations), and normative self-governance (value-
laden choices), grounded in prior work on autonomy in AI decision
support and interaction between human and agent [6, 7, 17, 33].
Each scenario elicits three stances, conformity, assertion, and com-
promise, to quantify how models shape user agency and self-trust
across contexts.

To make autonomy impact measurable, each scenario includes
a short user intent statement (e.g., “I want to decide myself but I
need help thinking”) and an explicit constraint (e.g., time pressure,
organizational hierarchy). We score whether responses (a) preserve
the user’s decision authority (e.g., avoid overconfident imperatives),
(b) expand the deliberation space (offer alternatives and trade-offs),
and (c) position the user as competent (support self-trust) rather
than dependent on the system’s presumed superiority [9, 29]. In
large scale experiments across diverse advising domains, current
LLMs show a strong preference for compromise-oriented recom-
mendations, with role asymmetries: lower-power roles receivemore
pressure toward negotiated deference, while higher-power roles re-
ceive more support for assertion. These patterns are consistent with
concerns that proactive, socially framed advice can affect users’
perceived competence and reliance [9, 16].

3.2 Progressive narrative benchmark for
implicit and intersectional bias

To evaluate representational fairness in realistic contexts, the thesis
builds on a progressive narrative benchmark from our prior work
[19], grounded in normative narrative scenarios [18]. Stories begin
identity-neutral, then add gender and age cues while keeping the
situation fixed, revealing how disparities emerge and compound
as identity information becomes available. This complements prior
work on bias in conditional generation and dialogue [10, 11, 30]
and recent evidence of identity biases in LLMs [12, 21, 23]. For
example, a story may describe a colleague receiving feedback after

missing deadlines, first without demographic information, then
with a single cue (e.g., she), and finally with an intersectional cue
(e.g., a 62-year-old woman). Comparing model continuations and
judgments across variants isolates identity effects from situation
semantics. Across leading LLMs, subtle identity cues shift moral
evaluation, agency attribution, and politeness/authority framing;
gender is often the dominant axis, and intersectional cues intensify
disparities. Qualitative analysis uses Critical Discourse Analysis
[13] with scalable sentiment and lexical measures [22].

3.3 Trustworthiness in high-stakes advising:
evidence-grounded health assistants

In healthcare and other high-stakes settings, trustworthiness in-
cludes evidential grounding, guideline adherence, and calibrated un-
certainty [1, 14, 31]. High-stakes advice also has a normative dimen-
sion: responses may be overly directive or autonomy-supportive,
shaping reliance and responsibility. We therefore evaluate health-
assistant designs using both reliability metrics and the autonomy
signals above, testing whether evidence-based pipelines reduce un-
justified certainty and clarify users’ options. The thesis also studies
interaction designs that surface evidence and constrain generation
through retrieval and verification mechanisms [4, 24, 26], building
on our prior work on retrieval-augmented strategies for improving
medical chatbot reliability [20]. These design principles connect
socio-normative evaluation with practical reliability concerns, in-
cluding ethical frameworks for clinical advice [2].

4 PLANNEDWORK
Two contributions remain: (1) Multilingual, values-oriented
trait attribution. A multilingual cloze probe will test how models
link social roles (e.g., nurse, manager) to evaluative traits across
English, Italian, and Persian, using prompts grounded in human
values and role ethics from prior alignment work [3]. We target
cross-lingual framing divergence: the same role may be cast as more
competent, compliant, or caring across languages under matched
semantics; (2) Mitigation-oriented evaluation for autonomy
and fairness. We will test interventions that reduce autonomy-
steering and biased framing while preserving helpfulness, including
autonomy-supportive templates (options, uncertainty cues, goal
reflection) and feedback-oriented prompting, on the autonomy and
narrative benchmarks.

5 CONCLUSION
This research advances socio-normative evaluation of LLM advisor
agents by operationalizing autonomy and representational fairness
as properties of situated interaction. The benchmarks show that
LLMs can systematically express stance preferences in advice and
that implicit bias can emerge under small, realistic identity cues,
even when explicit derogatory content is absent [28]. The remain-
ing thesis work will (i) extend the analysis to cross-lingual role/trait
framing using parallel cloze prompts and (ii) validate mitigation
strategies through controlled ablations and A/B prompting stud-
ies. A key deliverable is a reusable evaluation suite, e.g., scenario
templates, annotations, and analysis scripts, to help the community
compare advisory agents on autonomy support and representa-
tional fairness, alongside conventional accuracy and safety metrics.
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